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Abstract

Modern multimodal generative models can
synthesize visually compelling images and
videos, but it remains unclear whether this vi-
sual fluency reflects genuine reasoning: when
prompted to generate a solution, can a model
preserve the physical, logical, spatial, and tem-
poral constraints a task requires, or does it
merely produce plausible-looking media? To
answer this question, we introduce MMGR
(Multi-Modal Generative Reasoning Bench-
mark and Evaluation), a benchmark for evalu-
ating generative reasoning across video, image,
and language-based systems. MMGR covers
10 tasks from three domains (Abstract Rea-
soning, Embodied Navigation, and Physical
Commonsense) and probes five reasoning abil-
ities: Physical, Logical, 2D Spatial, 3D Spa-
tial, and Temporal. Its evaluation emphasizes
answer-verifiable tasks and, for video genera-
tion, process-aware chain-of-frame reasoning,
where intermediate frames must form valid
steps toward the target outcome rather than vi-
sually smooth but incorrect transitions. Evalu-
ating state-of-the-art video generators, image
generators, and LLM/VLM baselines reveals a
sharp gap between visual quality and reason-
ing correctness: video models perform best
on Physical Commonsense, but remain weak
on symbolic tasks such as Sudoku, ARC, and
Math, and brittle in cross-view embodied nav-
igation. Image generators often outperform
video generators on embodied navigation de-
spite lacking temporal outputs, showing that
longer visual generation does not automati-
cally yield stronger reasoning. MMGR re-
frames evaluation of multimodal generation
from whether outputs look realistic to whether
they solve the underlying reasoning problem.

∗Equal contribution.
Project page: https://zefan-cai.github.io/MMGR.

github.io/
Code: https://github.com/Zefan-Cai/MMGR
Data: https://huggingface.co/datasets/ZefanCai/
MMGR

1 Introduction

Text-to-image and text-to-video systems now ren-
der photorealistic content directly from natural lan-
guage prompts. Video generators synthesize coher-
ent motion and temporally extended scenes (Ho
et al., 2022a; Blattmann et al., 2023; OpenAI,
2024), while image generators produce detailed
compositions that often satisfy complex visual in-
structions (Rombach et al., 2022). Yet visual flu-
ency does not by itself establish reasoning ability.
A generated video can look smooth while violat-
ing causal order, object permanence, or task con-
straints; likewise, a generated image can appear
plausible while failing the logical or spatial rela-
tion required by the prompt. This motivates the
central question of this paper: can multimodal
generative models reason through the images
and videos they produce, or do they mainly ren-
der plausible-looking outputs?

Current evaluation protocols only partially an-
swer this question. As summarized in Table 2,
video benchmarks emphasize visual quality, text-
video alignment, compositional binding, or phys-
ical plausibility, while image-generation bench-
marks test commonsense, spatial reasoning, edit-
ing, or generate-to-reason settings. These efforts
are valuable but fragmented: most are modality-
specific, outcome-only, and dependent on human
preference, model-based judges, or checklist-style
scoring. Even recent process-aware benchmarks
remain video-only. As a result, existing evaluations
struggle to tell whether a generated output solves
the underlying reasoning problem, whether a video
reaches the answer through valid intermediate
states, and whether failures come from reasoning
limits or modality-specific rendering constraints.

We introduce MMGR (Multi-Modal Generative
Reasoning Benchmark and Evaluation), a bench-
mark suite for evaluating video and image genera-
tors under a shared reasoning framework. MMGR
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Figure 1: Overview of MMGR. Benchmark: MMGR assesses coherent reasoning across three domains (Abstract
Reasoning, Embodied Navigation, and Physical Commonsense), each with granular difficulty control. Generation:
given a task input and prompt (here, an Easy 3×3 maze), we prompt state-of-the-art video and image generative
models (e.g., Veo-3) to produce a step-by-step solution. Evaluation: a hybrid pipeline scores each output through
automatic evaluation (VLM-based judgment and deterministic rule-based checks) and human evaluation, yielding
fine-grained metrics and a gated primary success score.

Benchmark Task Domain Phy. Log. 3D Spa. 2D Spa. Temp. # Samples

D1: Abstract Reasoning
Maze (Section C) ✓ ✓ ✓ 240
Sudoku (Section D) ✓ ✓ 300
ARC (Section E) ✓ ✓ ✓ 456
Math (Section F) ✓ 327

D2: Embodied Navigation
Last-Mile Nav. (Section H) ✓ ✓ ✓ 120
Top-down View Nav. (Section I) ✓ ✓ ✓ 120
3D R.-W. Nav. (Section J) ✓ ✓ ✓ 120
SLAG (Section K) ✓ ✓ ✓ ✓ 120

D3: Physical Commonsense
Physical Concepts (Section L) ✓ ✓ ✓ 25
Sports (Section L) ✓ ✓ ✓ 25

Total Evaluation Samples 1,853

Table 1: Overview of MMGR’s three task domains and
their alignment with the five core reasoning abilities:
Physical (Phy.), Logical (Log.), 3D Spatial (3D Spa.),
2D Spatial (2D Spa.), and Temporal (Temp.).

spans 10 tasks across three domains (Table 1
and Figures 1 and 2): D1: Abstract Reasoning,
covering Maze, Sudoku, Math, and ARC (Chol-
let, 2019); D2: Embodied Navigation, covering
panoramic, top-down, 3D real-world navigation,
and Simultaneous Localization and Generation
(SLAG) (Anderson et al., 2018; Savva et al., 2019;
Deitke et al., 2020; Ramakrishnan et al., 2021); and
D3: Physical Commonsense, covering basic phys-
ical interactions and sports scenarios (Battaglia
et al., 2013; Yi et al., 2020; Bakhtin et al., 2019;
Bear et al., 2021). Together, these tasks probe five
abilities: Physical, Logical, 2D Spatial, 3D Spatial,
and Temporal reasoning.

MMGR is designed to be comprehensive along
the axes missing from prior benchmarks. It com-
pares video and image generators on the same task
families and uses answer-verifiable scoring when-

ever reliable ground truth exists. For video gen-
eration, it further adopts a process-aware chain-
of-frame criterion: intermediate frames must be
valid steps toward the target outcome, not merely
smooth transitions between plausible visual states.
This lets MMGR ask whether temporal generation
provides a real reasoning advantage or instead intro-
duces new failures from maintaining cross-frame
consistency.

Our evaluation of state-of-the-art video and im-
age generators reveals a consistent gap between vi-
sual quality and reasoning correctness. Video mod-
els achieve their strongest performance on Physical
Commonsense, with Sora-2 reaching 76.00% on
Physical Concepts and 64.00% on Sports, but they
remain weak on symbolic tasks, with all video mod-
els scoring 0.00% on Sudoku, below 12% on ARC,
and below 11% on Math. In Embodied Naviga-
tion, image generators obtain the strongest final
task scores, with Nano-banana Pro leading all four
navigation tasks, while video models remain brittle
under cross-view alignment and long-horizon spa-
tial grounding. These findings show that longer and
more visually coherent generation does not auto-
matically imply stronger reasoning. MMGR there-
fore reframes multimodal generation evaluation
from asking whether generated images and videos
look convincing to asking whether they solve the
reasoning problems they depict.
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Benchmark family Mod. Process Rule-ver. V+I+L Embod. Primary scope

Image-generation reasoning
WISE / Commonsense-T2I I × × × × Knowledge, physical, spatial T2I
RISEBench / KRIS-Bench I × × × × Reasoning-informed image editing
GIR-Bench / RBench-V I × ∼ × × Unified reason-and-generate

Generative-video evaluation
VBench / EvalCrafter V × × × × Quality, alignment, human preference
T2V-CompBench / VideoPhy V × ∼ × × Compositional, physical, world-model fidelity

Concurrent process-aware video reasoning
VIPER V ✓ × × × Process–outcome consistency
VBVR V ✓ ✓ × × Rule-scored synthetic video reasoning

MMGR (ours) V+I+L ✓ ✓† ✓ ✓ Abstract, embodied, physical; cross-modal

Table 2: MMGR versus representative and concurrent generative-video and image-reasoning benchmarks. Mod.:
Video / Image / LLM-VLM generators. Process: scores intermediate steps, not only the final clip/image. Rule-ver.:
deterministic rule-based scoring vs. only human/VLM judgment. V+I+L: covers all three generator types in one
framework. Embod.: real-world agent-centric navigation. ✓ yes, × no, ∼ partial; †deterministic checkers where
reliable rules/geometry exist, VLM judges otherwise.

2 Related Work

Evaluating Generative Models. Modern im-
age and video generators can produce fluent,
high-fidelity visual content from natural language
prompts (Rombach et al., 2022; Ho et al., 2022b;
Hong et al., 2023; OpenAI, 2024), yet most bench-
marks for these models evaluate only the final out-
put. For video, early metrics such as FVD mea-
sure distributional similarity (Unterthiner et al.,
2019), while newer suites such as VBench, Eval-
Crafter, and T2V-CompBench score text–video
alignment, motion quality, temporal consistency,
and compositional binding (Huang et al., 2024,
2025b; Zheng et al., 2025; Liu et al., 2024b; He
et al., 2024; Sun et al., 2025b); a closer line
probes physical plausibility and world-model fi-
delity, e.g. VideoPhy (Bansal et al., 2025, 2026;
Meng et al., 2025; Li et al., 2025a; Qin et al.,
2025a; Yue et al., 2025), showing that visual re-
alism and physical understanding can diverge, as
Physics-IQ makes explicit (Motamed et al., 2026).
Image-generation benchmarks reveal the same limi-
tation in another modality: commonsense, physical,
world-knowledge, and spatial text-to-image bench-
marks such as WISE and Commonsense-T2I ask
whether an image satisfies facts or relations im-
plied by the prompt (Fu et al., 2024; Meng et al.,
2024; Niu et al., 2025; Chen et al., 2025b; Zhang
et al., 2025; Sun et al., 2025a; Luo et al., 2025;
Wang et al., 2026b), editing benchmarks such as
RISEBench and KRIS-Bench require inferring the
intended transformation before producing the tar-
get (Zhao et al., 2025; Wu et al., 2025b; Yang et al.,
2025; He et al., 2025), and interleaved or reason-
and-generate benchmarks such as GIR-Bench and

RBench-V connect synthesis with problem solv-
ing (Chen et al., 2025a; Zhou et al., 2025b; Liu
et al., 2024a; Li et al., 2025b; Guo et al., 2025a;
Li et al., 2025c). Across both modalities, how-
ever, evaluation collapses to a final clip, image,
edit, or answer scored by holistic human, VLM,
or checklist judgments, leaving the validity of the
intermediate steps unchecked. A recent line in-
stead evaluates the generation process itself, not
just its final output: chain-of-frame and video-as-
reasoning studies ask whether intermediate frames
behave like reasoning steps rather than decorative
interpolation (Wiedemer et al., 2025; Guo et al.,
2025b; Tong et al., 2025), and concurrent bench-
marks add rule-verifiable scoring, with VIPER
checking process–outcome consistency beyond the
last frame (Li et al., 2025d) and VBVR building
rule-checkable tasks from synthetic, parameterized
generators (Wang et al., 2026a).

From Visual Understanding to Generative Rea-
soning. A separate tradition evaluates visual
reasoning in the discriminative setting: video-
understanding benchmarks test temporal, causal,
and long-form reasoning over given inputs (Goyal
et al., 2017; Girdhar and Ramanan, 2020; Li et al.,
2024; Fu et al., 2025; Mangalam et al., 2023; Wang
et al., 2025b; Yu et al., 2025), and embodied-AI
benchmarks evaluate perception, navigation, and
decision-making in fixed or simulator-grounded en-
vironments (Anderson et al., 2018; Savva et al.,
2019; Ramakrishnan et al., 2021; Deitke et al.,
2020). These probe abilities close to MMGR’s,
but in the opposite direction: the model observes
an input and answers a question or selects an ac-
tion, whereas MMGR asks whether a generator can
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V1, Easy, Match

4x4, Easy 9x9, MediumHard, 13×13, (r->c) Medium, 9×9, (c->c)

Prompt Text: A parasail is being inflated and prepared by crew, showing the 
process of inflation and the parachute's texture.
Physics Focus: Action: parasailing
Expected Motion: Action should be performed correctly

Prompt Text: A ballet dancer performs a fouetté turn, whipping one leg around 
while spinning on the other.
Physics Focus: Conservation of angular momentum, centripetal force
Expected Motion: Rapid leg whip, continuous rotation, stable center

Question: Ken is the best sugar cube 
retailer in the nation. Trevor, who loves 
sugar, is coming over to make an order. 
Ken knows Trevor cannot afford more 
than 127 sugar cubes, but might ask for 
any number of cubes less than or equal to 
that. Ken prepares seven cups of cubes, 
with which he can satisfy any order 
Trevor might make. How many cubes are 
in the cup with the most sugar?
Category: Omni-Math, T3, Applied

Maze Solving Sudoku Solving Math

Logical, 2D Spatial, Temporal Reasoning Logical, 2D Spatial Reasoning
Logical Reasoning

Logical, 2D Spatial, Temporal Reasoning

Physical, 
3D Spatial, 
Temporal 
Reasoning

Physical, 
3D Spatial, 
Temporal 
Reasoning

Physical, 
2D Spatial, 
Temporal 
Reasoning

Physical, 
2D Spatial, 
3D Spatial, 
Temporal 
Reasoning

Physical, 3D Spatial, Temporal Reasoning Physical, 3D Spatial, Temporal Reasoning

Physical Concept Sports

Domain 3: Physical Commonsense

Domain 2: Embodied Navigation

Domain 1:  Abstract Reasoning 

Figure 2: MMGR evaluates multimodal generative reasoning across: D1: Abstract Reasoning, including Maze,
Sudoku, ARC, and Math tasks. D2: Embodied Navigation, spanning Panoramic View Last-Mile Navigation,
Top-down View Real-World Navigation, 3D Real-World Navigation, and Simultaneous Localization and Generation.
D3: Physical Commonsense, covering Physical Concepts and Sports.

make its reasoning visible through the output it pro-
duces; recognizing a correct trajectory in an exist-
ing video is not the same as generating one whose
intermediate states stay valid under task rules.
MMGR shares the process-aware, rule-verifiable
scoring of the concurrent generative benchmarks
above (deterministic symbolic, physical, or geo-
metric checks, with a chain-of-frame criterion for
video), but differs in scope (Table 2). First, it is
cross-modal: the same tasks compare video, im-
age, and LLM/VLM generators, which helps sep-
arate reasoning failures from modality-specific ren-
dering failures, something a video-only suite can-
not do. Second, it adds a real-world embodied-
navigation domain that neither VIPER nor VBVR
covers: panoramic, top-down, and 3D real-world
navigation, together with SLAG. Together, these
position MMGR as a cross-domain, cross-modal
evaluation spanning Abstract Reasoning, Embod-
ied Navigation, and Physical Commonsense.

3 MMGR Benchmark

MMGR organizes multimodal generative reason-
ing into three complementary domains. Abstract
Reasoning tests whether a model can preserve sym-
bolic rules and spatial layouts while generating
a solution. Embodied Navigation tests whether
generated trajectories remain consistent with an
environment, goal, and viewpoint. Physical Com-
monsense tests whether generated motion respects
intuitive object dynamics. Together, these domains
exercise the five reasoning abilities outlined in Sec-
tion 1: Physical, Logical, 2D Spatial, 3D Spatial,
and Temporal reasoning. Table 1 summarizes the
mapping, and Figure 2 provides examples.

3.1 Domain 1: Abstract Reasoning
T1: Maze (Section C) evaluates 2D spatial, logical,
and temporal reasoning by requiring an obstacle-
free path from start to goal, using 240 DFS and
Wilson mazes across three difficulty levels and four
start-goal configurations (Ivanitskiy et al., 2023).
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Benchmark Task Success Criteria

Domain 1: Abstract Reasoning
Maze (Section C.3) A successful solution should not alter the maze , cross no walls , reach the target , and exhibit action reflection .
Sudoku (Section D.2) A successful solution should keep the given clues unchanged , violate no constraints , complete the grid accurately , and exhibit action reflection .

ARC (Section E.2) A successful solution should show correct pattern recognition , maintain grid integrity , and apply accurate colors , exactly matching the ground-truth
output.

Math (Section F.2) A successful solution should be correct in both its intermediate steps and final answer , and exhibit action reflection .

Domain 2: Embodied Navigation
Last-Mile Nav. (Section H)

A successful episode must achieve task completeness (success, oracle success, and trajectory
alignment), demonstrate physical understanding (object semantics, agent consistency, and spa-
tial alignment), and maintain instruction following (destination integrity and scene consistency).

Top-down View Nav. (Section I)
3D R.-W. Nav. (Section J)
SLAG (Section K)

Domain 3: Physical Commonsense
Physical Concepts &
Sports (Section L) A successful generation should exhibit physics accuracy , motion quality , visual realism , and prompt adherence .

Table 3: Evaluation criteria for each task in MMGR. Each entry states what a successful sample must satisfy;
highlighted phrases mark the fine-grained metrics, color-coded by role: integrity/constraint , outcome/correctness ,
and reasoning process , and a sample receives the binary gated primary score of 1 only when all required criteria
hold. Full metric definitions appear in the cited appendices.

T2: Sudoku (Section D) evaluates constraint sat-
isfaction on 300 puzzles across 4x4 and 9x9 grids
with difficulty controlled by clue sparsity (Seely
et al., 2025). T3: ARC (Section E) evaluates
abstract rule induction from input-output demon-
strations using 456 ARC v1 and v2 tasks (Chol-
let, 2019). T4: Math (Section F) evaluates
mathematical reasoning on 327 problems from
GSM8K, MATH500, AIME 2024/2025, and Omni-
MATH (Cobbe et al., 2021; Hendrycks et al., 2021;
Mathematical Association of America, 2024, 2025;
Gao et al., 2025).

3.2 Domain 2: Embodied Navigation
T5: Panoramic View Last-Mile Navigation (Last-
Mile Nav.; Section H) uses Matterport3D panora-
mas to test short-range goal-directed navigation
from a 360◦ over-the-shoulder view (Chang et al.,
2017). T6: Top-down View Real-World Nav-
igation (Top-down View Nav.; Section I) uses
HM3D bird’s-eye maps to test global 2D plan-
ning (Ramakrishnan et al., 2021). T7: 3D Real-
World Navigation (3D R.-W. Nav.; Section J)
uses HM3D dollhouse views to test multi-room
and multi-level spatial reasoning (Ramakrishnan
et al., 2021). T8: Simultaneous Localization and
Generation (SLAG; Section K) combines 3D and
top-down views, requiring cross-view localization
and scene generation. Each task provides 120 sam-
ples spanning 24 hard-level configurations that vary
floor complexity, view fidelity, path length, and
goal specification.

3.3 Domain 3: Physical Commonsense
T9: Physical Concepts (Section L) samples 25
VideoPhy examples spanning solid-solid, solid-
fluid, and fluid-fluid interactions (Bansal et al.,

2025). T10: Sports (Section L) samples 25 compo-
sitional physical scenarios from activities such as
ballet, skiing, diving, and swimming, where motion
depends on balance, momentum, projectile motion,
and fluid dynamics.

4 Evaluation
To systematically evaluate zero-shot reasoning ca-
pabilities (Wiedemer et al., 2025; Guo et al., 2025b;
Tong et al., 2025), we benchmark state-of-the-art
generative models across the 10 tasks outlined in
Section 3, aiming to quantify overall performance
while identifying strengths and weaknesses across
the five core reasoning dimensions.

4.1 Evaluated Models and Setup
We evaluate video generators (Veo-3, Sora-2, and
Wan-2.2) against image generators (Nano-banana,
Nano-banana Pro, GPT-4o-image, GPT-image-1.5,
and Qwen-image). On the applicable abstract-
reasoning tasks, we additionally report Gemini-3-
Flash and Gemini-3-Pro as text-solution baselines.
To account for sampling variability, we draw five
outputs per prompt from each generative model,
using default settings for closed models and rec-
ommended settings for open ones, without task-
specific tuning.

4.2 Evaluation Protocol
Each task receives a primary success score from the
criteria in Table 3. Rather than one holistic judg-
ment, each task’s criteria are decomposed into fine-
grained metrics with three roles: integrity and con-
straint preservation, outcome correctness, and va-
lidity of the reasoning process. The primary score
is gated: it equals 1 only when all required metrics
hold, so an output that looks plausible but violates
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Video Models Image Models LLM Baselines

Task Veo-3 Sora-2 Wan-2.2 Nano-banana Nano-banana Pro GPT-4o-image GPT-image-1.5 Qwen-image Gemini-3-Flash Gemini-3-Pro

D1: Abstract Reasoning
Maze 3.67 0.00 0.00 3.67 9.17 0.00 0.97 0.14 55.67 59.33
Sudoku 0.00 0.00 0.00 8.60 7.00 1.33 6.78 0.00 65.53 63.75
ARC 4.80 11.67 0.15 8.15 28.07 0.00 12.72 2.15 – –
Math 10.61 10.56 0.00 11.47 72.69 26.24 25.52 11.22 71.38 74.14

D2: Embodied Navigation
Last-Mile Nav. 60.00 0.00 14.17 74.17 75.83 0.00 55.84 16.67 – –
Top-down View Nav. 19.49 3.39 5.09 11.11 33.05 3.39 26.27 5.08 – –
3D R.-W. Nav. 22.50 0.00 24.17 79.17 85.00 13.33 77.92 38.33 – –
SLAG 11.02 12.50 0.85 28.79 37.29 16.67 31.36 6.78 – –

D3: Physical Commonsense
Physical Concepts 41.67 76.00 26.67 – – – – – – –
Sports 60.00 64.00 21.33 – – – – – – –

Table 4: Zero-shot reasoning performance of state-of-the-art generative models on MMGR. Each cell reports a
single task-level final score (%), aggregated over all difficulty levels and subsets and computed with the primary met-
ric in Table 3; Maze and Sudoku generation scores use deterministic pixel- and OCR-based evaluators, respectively.
The best score per task is shown in bold. Gemini baselines are direct text-solver scores on the abstract reasoning
tasks, and “–” marks a model that was not evaluated or for which no usable result file was available. Fine-grained
results are provided in the Appendix.

a single constraint still scores 0. The metrics are
task-specific. In Abstract Reasoning, a successful
Maze solution must leave the input maze unaltered,
cross no walls, and reach the target, while a Sudoku
solution must keep the given clues fixed, satisfy ev-
ery row, column, and box constraint, and complete
the grid. In Embodied Navigation, an episode must
jointly satisfy task completeness (success, oracle
success, and trajectory alignment), physical un-
derstanding (object semantics, agent consistency,
and spatial alignment), and instruction following
(destination integrity and scene consistency). In
Physical Commonsense, a generation must com-
bine physics accuracy with motion quality, visual
realism, and prompt adherence. Video outputs are
scored for both final outcome and, where relevant,
intermediate-frame validity, whereas image outputs
are scored against the same task-level constraints
at the final output alone.

Deterministic Evaluation. For tasks with exact
ground truth, we use rule-based checks as the main
generation scores in Table 4. Maze uses pixel-
based path reconstruction to check whether the gen-
erated path preserves the maze layout, avoids walls,
and reaches the target. Sudoku uses OCR followed
by exact-match and constraint checks to verify clue
preservation and grid validity. For videos, these
checks are applied frame by frame; for images, they
are applied to the single generated output.

VLM-Based Evaluation. For tasks without
reliable pixel- or symbol-level verification,
including embodied navigation and physical
commonsense, we use Gemini-2.5-Pro as an
automated judge with task-specific rubrics. The
judge scores the intermediate and final criteria

specified by each rubric, which combine into
the gated primary score defined above. Because
VLM-based judging is imperfect, we report
human-evaluator agreement in Section 5.2 and
interpret these results with task-specific reliability
caveats. Text-solution baselines are scored directly
against the corresponding ground-truth answers
or action trajectories where available.

5 Evaluation Results

5.1 Automatic Evaluation
Table 4 reveals a clear gap between visual gen-
eration and task-level reasoning. Each score is
zero-shot performance under the task’s primary
success metric: Maze and Sudoku use determin-
istic generation checks, while tasks without exact
verification use the rubric-based VLM evaluator
described above. Text-only Gemini results appear
only as diagnostic baselines for abstract reasoning,
not as multimodal generation systems.

Abstract Reasoning. Generative models strug-
gle most where tasks impose explicit symbolic or
spatial constraints. In Maze, the best generator is
Nano-banana Pro (9.17%), with Veo-3 and Nano-
banana at 3.67% and all others below 1%. In Su-
doku, every video model scores 0.00%, and the
best image generator reaches only 8.60%. ARC is
similarly hard: Nano-banana Pro leads at 28.07%,
while the best video model, Sora-2, reaches just
11.67%. Math is the lone exception: Nano-banana
Pro reaches 72.69%, close to the Gemini text base-
lines (71.38% and 74.14%), though video models
stay far lower (0.00–10.61%). Across these tasks,
visually coherent generation does not reliably pre-
serve the state, rules, and intermediate deductions
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that abstract reasoning requires.

Embodied Navigation. Image generators obtain
the strongest task-level scores in all four naviga-
tion settings: Nano-banana Pro leads Last-Mile
(75.83%), Top-down View (33.05%), 3D Real-
World (85.00%), and SLAG (37.29%). Video mod-
els are competitive only in short-horizon local navi-
gation, where Veo-3 reaches 60.00% on Last-Mile,
but they degrade sharply once the viewpoint or hori-
zon changes, falling to 19.49% on Top-down View
and 11.02% on SLAG. This pattern speaks directly
to our central question of whether temporal genera-
tion aids reasoning: it does not do so automatically,
and often exposes failures in maintaining geometry,
identity, and goal state across frames.

Physical Commonsense. Video models perform
best where the task most closely resembles natural
video dynamics. Sora-2 leads with 76.00% on
Physical Concepts and 64.00% on Sports, and Veo-
3 follows at 41.67% and 60.00%. These results
indicate that current video generators are strongest
on visually grounded physical plausibility; because
this domain relies on VLM-based evaluation rather
than a deterministic checker, however, the scores
should not be read as proof of genuine physical
reasoning.

5.2 Evaluation Reliability Analysis

Task Evaluator Model Agreement acc. (%)

Maze Pixel
Sora-2 100.00
Veo-3 95.56
Wan-2.2 100.00

Sudoku OCR
Sora-2 100.00
Veo-3 100.00
Wan-2.2 100.00

ARC VLM Veo-3 94.90

3D R.-W. Nav. VLM Veo-3 75.33
Nano-banana Pro 21.67

Last-Mile Nav. VLM Veo-3 53.50
Nano-banana Pro 30.00

Top-down Nav. VLM Veo-3 79.15
Nano-banana Pro 51.69

SLAG VLM Veo-3 88.45
Nano-banana Pro 62.39

Physics VLM Veo-3 65.31

Table 5: Evaluation reliability analysis. Agreement
between human annotations and the evaluator check
reported for each reliability subset. Pixel-based Maze
and OCR-based Sudoku are deterministic checks used
for the main generation scores; VLM denotes tasks or
subsets without deterministic verification.

Table 5 indicates how much confidence each
conclusion deserves. The deterministic checks

used for Maze and Sudoku are the most reli-
able: pixel-based Maze agreement ranges from
95.56% to 100.00%, and OCR-based Sudoku
agreement reaches 100.00% across all three video
models checked. ARC also shows high agree-
ment (94.90%), though this partly reflects agree-
ment on the many failed cases rather than on
fine-grained correctness. VLM-based evaluation
is less stable for embodied navigation, ranging
from 21.67% to 88.45%, so exact model rank-
ings in that domain should be read cautiously even
where the aggregate trend is informative. Physics
reaches only moderate agreement (65.31%), so
its scores are best read as judged physical plau-
sibility rather than verified physical correctness.
Overall, the table supports our main qualitative
conclusions while bounding their interpretation:
the strongest evidence comes from determinis-
tic abstract-reasoning checks, whereas embodied-
navigation and physical-commonsense tasks ad-
mit no exact rule-based verifier. Lower agreement
in these domains therefore bounds our confidence
rather than rendering the results uninformative; ab-
sent a deterministic checker, VLM-based judgment
remains the best available proxy.

6 Failure Cases and Future Directions
Failure Patterns. MMGR exposes a recurring
gap between plausible media generation and valid
task execution (Figure 3). In abstract reasoning,
models often alter the input state or break global
constraints: maze paths cross walls or stop short of
the goal, Sudoku generations modify clues or vio-
late row and column rules, ARC outputs corrupt the
demonstration context, and video math solutions
drift away from valid symbolic steps. In embod-
ied navigation, image generators satisfy final-state
criteria more often than video generators, whose
outputs fail through agent identity changes, incon-
sistent geometry, and goal-state drift across frames.
Physical Commonsense is the strongest domain
for video models, but because its scores rely on
model-based judging, they reflect physical plausi-
bility rather than fully verified physical correctness.
These failures point to a single diagnosis: current
generators are better at local visual plausibility than
at maintaining a persistent task state. That distinc-
tion is central to multimodal generative reasoning,
where solving a task requires preserving the input,
applying the right rule or plan, and keeping inter-
mediate states consistent through to the final output.
Closing the gap therefore calls for progress on two
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(e) Case Study for (T7) 3D Real-World Navigation (f) Case Study for (T8) Simultaneous Localization and Generation

(a) Case Study for (T1) Maze solving (b) Case Study for (T2) Sudoku solving

(c) Case Study for (T5) Panoramic View Last-Mile Navigation (d) Case Study for (T6) Top-down View Real-World Navigation

Figure 3: Qualitative case studies on MMGR, all generated by Veo-3. (a) Maze (T1): success and failure cases. (b)
Sudoku (T2): failure cases. (c) Panoramic View Last-Mile Nav. (T5): agent inconsistency, where Veo-3 hallucinates
a second agent. (d) Top-down View Real-World Nav. (T6): Veo-3 reaches the destination but traces an abnormal
trajectory. (e) 3D Real-World Nav. (T7): Veo-3 reaches the destination despite physics violations (floor jumping)
and scene alterations (staircase geometry). (f) SLAG (T8): Veo-3 achieves 3D target success but suffers from 2D
trajectory misalignment.

fronts: generators that explicitly optimize for task
state, and evaluation that can verify it.

Future Directions. Progress will require ad-
vances on both fronts. On the modeling side, gen-
erators need training signals and architectures that
reward state preservation, constraint satisfaction,
cross-view consistency, and completed trajectories
rather than only realistic appearance, together with
longer, more controllable temporal horizons and
training data that moves beyond salient physical-
commonsense clips toward embodied, navigational,
and interaction-heavy scenarios. On the evalua-
tion side, benchmarks should pair deterministic
and process-level metrics with task-state checks,

trajectory-consistency tests, and failure-specific
measures that verify whether an output actually
solves the reasoning problem rather than merely
looking plausible.

7 Conclusion
We introduce MMGR, a benchmark that shifts mul-
timodal generative reasoning from visual realism
toward answer-verifiable, process-aware evaluation.
Across Abstract Reasoning, Embodied Navigation,
and Physical Commonsense, with chain-of-frame
validity for video, it tests whether generative mod-
els respect physical, logical, spatial, and temporal
constraints. Our results reveal a clear gap: mod-
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ern models produce visually compelling outputs
yet fail on tasks requiring global consistency, sym-
bolic abstraction, and long-horizon reasoning, ex-
posing reliance on perceptual shortcuts rather than
grounded inference.

Limitations

Evaluation Scope and Model Coverage.
MMGR evaluates zero-shot generative reasoning
and excludes fine-tuned or task-specific models.
This design isolates the reasoning capabilities of
pre-trained models, but it may underestimate the
performance reachable through task adaptation.
Our model pool covers leading video and image
generators, yet the pace of releases means some
recent systems are absent. We also focus on text-to-
video and text-to-image generation; conditioning
on other input modalities (e.g., video-to-video
editing) is an orthogonal capability we do not
assess.

Deterministic Evaluation Limitations. Only
some tasks admit deterministic verification. Maze
(pixel-based) and Sudoku (OCR-based) use exact
checks for their main generation scores, but Physi-
cal Commonsense and several embodied navigation
tasks rely solely on VLM-based evaluation, inherit-
ing VLMs’ known weaknesses in spatial reasoning
and physical understanding.

Benchmark Design Constraints. Our difficulty
tiers are human-designed and may not match
model-specific difficulty gradients. Some tasks
show floor effects for current video models, espe-
cially Sudoku and ARC, which limits discrimina-
tive power among weaker systems. Our focus on
discrete reasoning tasks also leaves out continuous
control, long-horizon planning, and open-ended
creative generation, where generative models may
excel. Finally, prompting strongly affects perfor-
mance, yet our standardized prompts prioritize con-
sistency over per-model optimization.

Generalization and Ecological Validity.
MMGR emphasizes systematic reasoning with
clear ground-truth answers, so it may under-
represent real-world settings with ambiguous
objectives, partial observability, or subjective
quality. Its structured tasks (finite mazes, fixed
Sudoku grids, standardized math problems) do
not capture the open-ended complexity of natural
environments. Because video models are trained
on internet-scale data, they may perform well

on distribution-matched scenarios our controlled
tasks omit, leaving an incomplete picture of their
capabilities.

Reliability Scope. Our reliability analysis rests
on sampled manual annotations rather than exhaus-
tive labeling. The agreement analysis in Table 5
offers a compact check against manual labels, but
raw accuracy can be inflated by class imbalance
and does not replace fine-grained agreement met-
rics. Because annotating every generated output
is infeasible, comprehensive assessment depends
on automatic metrics, especially for the VLM-only
tasks of embodied navigation and physical com-
monsense.

Ethical Considerations

This paper presents MMGR, a benchmark that eval-
uates multimodal generative reasoning across im-
age, video, language, and vision-language models
using answer-verifiable tasks. Its goal is to advance
the evaluation of reasoning in modern generative
models, particularly their ability to connect per-
ception with structured, multi-step inference. By
emphasizing tasks with deterministic or verifiable
outcomes, MMGR encourages models whose out-
puts can be audited and validated, which matters
for applications in decision-making, education, and
scientific reasoning, and we expect it to support
more reliable, interpretable, and trustworthy mul-
timodal AI systems. At the same time, stronger
reasoning in generative models may amplify exist-
ing risks of misuse, over-reliance, or deployment in
high-stakes settings without adequate safeguards.
MMGR introduces no new modeling techniques or
deployment mechanisms; it is a diagnostic frame-
work for surfacing the limitations and failure modes
of current systems, which we hope will help prac-
titioners understand model behavior and guide re-
sponsible development. Overall, its societal im-
plications align with established goals in machine
learning research, namely improving robustness,
transparency, and evaluation rigor, and we foresee
no significant negative impacts arising uniquely
from this benchmark.
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A Computational Experiments

Because MMGR evaluates pre-trained models with-
out any task-specific training, its cost is incurred
entirely at inference time: every model gener-
ates outputs for all task instances, which are then
scored by the automatic evaluators and, on sam-
pled subsets, by human annotators. We query
the closed-source models (Veo-3, Sora-2, Nano-
banana, Nano-banana Pro, GPT-4o-image, GPT-
image-1.5, Gemini-3-Flash, Gemini-3-Pro, and
the Gemini-2.5-Pro judge) through their official
paid APIs, and run the two open-source genera-
tors, Qwen-Image and Wan-2.2, locally on NVIDIA
A100 80GB GPUs.

A.1 Model Size and Budget
Model Sizes. The closed-source models are pro-
prietary API endpoints whose parameter counts are
not disclosed, so we treat them as black boxes.
For the open-source models, Qwen-Image is a
20B-parameter Multimodal Diffusion Transformer
generating at 1024×1024 resolution (Wu et al.,
2025a), and Wan-2.2 is used in its image-to-video
I2V-A14B Mixture-of-Experts configuration, with
27B total parameters but only about 14B active per
denoising step (Wan Team, 2025).

Budget. MMGR comprises 1,853 task instances
(1,323 in Abstract Reasoning: Maze 240, Sudoku
300, ARC 456, Math 327; 480 in Embodied Navi-
gation: 4 tasks of 120; and 50 in Physical Common-
sense: 2 tasks of 25), and we draw five samples per
instance from each model. A video model therefore
produces 9,265 generations, an image model 9,015
(the eight non-physics tasks), and a Gemini text
baseline 4,335 (Maze, Sudoku, and Math). On a
single A100 80GB GPU, Qwen-Image renders one
image in about 40 s and Wan-2.2 produces one clip
in roughly 520 s, so the two open-source models
consume about 100 and 1,340 A100 GPU-hours,
or roughly 1,440 GPU-hours in total. The eight
closed-source systems are accessed through paid
commercial APIs and billed per output. Assum-
ing a rental rate of about $1.5 per A100 GPU-hour
and per-output API prices on the order of $0.05
per image and $0.40 and $0.10 per second of gen-
erated video for Veo-3 and Sora-2, together with
metered token usage for the Gemini baselines and
the Gemini-2.5-Pro judge, we estimate the total
inference cost of the benchmark at roughly $46k,
dominated by video generation; Table 6 gives the
per-model breakdown. The deterministic Maze and
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Sudoku checks run on CPU at negligible cost.

Model(s) Access Est. cost (USD)

Veo-3 API ∼30k
Sora-2 API ∼9k
Four closed image models API ∼1.8k
Gemini baselines + judge API ∼3k
Wan-2.2 A100 (∼1,340 h) ∼2.0k
Qwen-Image A100 (∼100 h) ∼0.15k

Total ∼46k

Table 6: Estimated inference cost. Figures are esti-
mated from the local GPU rental cost and per-output
API pricing, with video generation dominating the total.
Closed-source models are accessed through paid com-
mercial APIs; the two open-source models run locally
on A100 80GB GPUs. The four closed image mod-
els are Nano-banana, Nano-banana Pro, GPT-4o-image,
and GPT-image-1.5.

B Human Subjects Including Annotators

The human evaluation underlying our reliability
analysis (Section 5.2) was carried out by three
graduate-level students whom we recruited and
paid for this task; we used no anonymous crowd-
sourcing platform. All three were familiar with the
task definitions and independently scored balanced
subsets of generated outputs, ranging from several
dozen to several hundred outputs per task, to val-
idate the automatic evaluators. Each output was
judged by at least two annotators with disagree-
ments resolved by discussion, and we report the
resulting agreement between the human and auto-
matic labels in Table 5. These subsets span all task
families: Maze and Sudoku were checked against
the deterministic pixel and OCR evaluators across
the three video models, whereas ARC, the four
embodied-navigation tasks, and Physical Common-
sense were checked against the VLM judge, with
Veo-3 annotated throughout and Nano-banana Pro
additionally annotated on the embodied tasks. An-
notators were compensated at an hourly rate of $25,
in line with the local average wage, and took part
with informed consent. Because all source materi-
als are public research datasets, the generated out-
puts contain no personally identifying information,
and the work involved only judging the correctness
of synthetic images and videos, the study posed no
more than minimal risk to participants.

B.1 Instructions Given to Participants
Annotators applied the same fine-grained, gated
rubric used by the automatic evaluators, whose full

per-task definitions are given in the Evaluation and
Metrics section of each task appendix (Sections C.3,
D.2, E.2, G.3 and L.3) and summarized in Table 3.
For each item, an annotator was shown the task
input, the model output (a video played frame by
frame, or a single image), and the ground-truth
solution where one existed, and assigned a binary
0/1 label to every applicable criterion. They were
instructed that the holistic overall score is 1 only
when all required criteria hold, that video outputs
must be inspected across intermediate frames rather
than at the final frame alone, and that judgments
must follow the literal task constraints rather than
overall visual quality. Concretely, the criteria are
layout preservation, the absence of wall crossings,
and arrival at the goal for Maze; clue preserva-
tion, constraint satisfaction, and completion for Su-
doku; transformation correctness and exact-match
validity for ARC; task completeness, physical con-
sistency, and instruction following (destination in-
tegrity and a static, coherent scene) for embodied
navigation; and physics accuracy, motion quality,
visual realism, and prompt adherence for Physical
Commonsense.

C Maze

C.1 Task Description

We introduce the 2D Maze task to evaluate a
model’s foundational reasoning capabilities. This
task is a direct probe for 2D spatial reasoning,
as the model must understand the topology of the
maze (i.e., the white path vs. the black walls).
Furthermore, it challenges logical reasoning by
requiring the model to generate a valid plan (the
solution path) from a start state (green square) to
a goal state (red square). Finally, it tests tempo-
ral reasoning by requiring the model to execute
this plan sequentially over time, moving the agent
along the path without deviation.

C.2 Hard-Level Control

To ensure a diverse yet controllable set of evalu-
ation cases, we leverage the open-source Python
library maze-dataset (Ivanitskiy et al., 2023) to
programmatically generate mazes with systemat-
ically varied structure and difficulty. Maze com-
plexity is explicitly controlled by varying task pa-
rameters along three axes:

• Generators (2 types): We employ two maze-
generation algorithms—Depth-First Search
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(a) Easy 5×5 (c→c) (b) Easy 3×3 (r→c) (c) Easy 5×5 (c→r) (d) Easy 4×4 (r→r)

(e) Medium 9×9 (c→c) (f) Medium 9×9 (r→c) (g) Medium 9×9 (c→r) (h) Medium 8×8 (r→r)

(i) Hard 11×11 (c→c) (j) Hard 13×13 (r→c) (k) Hard 13×13 (c→r) (l) Hard 13×13 (r→r)

Figure 4: Maze-solving results across three difficulty levels (Easy, Medium, Hard) and four start-end configurations:
corner→corner, random→corner, corner→random, and random→random. Each subfigure shows a unique
DFS solution illustrating how maze size and start/end randomness affect traversal patterns. Solution paths are
highlighted blue.

(DFS) and Wilson’s Algorithm—to produce
topologically diverse maze layouts.

• Grid Sizes (10 levels): Maze difficulty is
scaled across ten grid sizes, ranging from 3×3
to 13×13.

• Start–Goal Placement (4 schemes): Each
maze is instantiated under four place-
ment schemes—corner-to-corner, corner-to-
random, random-to-corner, and random-to-
random—to prevent models from overfitting
to a single trajectory pattern. A minimum
start–goal distance is enforced to rule out triv-
ial solutions.

For each generator, we produce 120 mazes, com-
prising 40 Easy (3×3-5×5), 40 Medium (6×6-
9×9), and 40 Hard (10×10-13×13) instances.
Overall, this yields 240 mazes across the two gen-
erators. With our generation algorithm, each maze
only has one solution path. Figure 4 presents rep-
resentative examples across difficulty levels and

start–end configurations, along with their corre-
sponding solutions.

C.3 Evaluation and Metrics
We evaluate generated videos and images using a
Vision–Language Model (VLM)–based evaluator,
Gemini-2.5-Pro (Comanici et al., 2025). The evalu-
ator receives three inputs: (i) the model-generated
video or image, (ii) the ground-truth maze solu-
tion image, and (iii) a structured evaluation prompt
(with modality-specific variants for video vs. im-
age). Given these inputs, the VLM judges whether
the model solved the task and provides fine-grained
feedback across multiple failure modes. The evalu-
ation prompt asks: (i) Does the green square (start)
reach and stop on the red square (end)? (ii) Does
the green square ever touch or cross a black wall?
(iii) Does the layout of the black walls or the posi-
tion of the red square change at any time? Using the
VLM’s responses, we compute four fine-grained
metrics and one primary metric:

• Maze Changed (MC, Failure Mode): Indi-
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cates whether the maze layout is altered. (i)
Video: 1 if the maze structure changes in any
frame; 0 if it remains identical throughout the
video. (ii) Image: 1 if the maze structure dif-
fers from the reference solution; 0 otherwise.

• Cross Wall (CW, Failure Mode): Captures
violations of maze constraints. (i) Video: 1 if
the green square touches or crosses a black
wall in any frame; 0 if it stays entirely within
white corridors. (ii) Image: 1 if the blue path
touches or crosses black walls; 0 if fully con-
tained within white corridors.

• Action Reflection (AR): Measures ex-
ploratory behavior during navigation. (i)
Video: 1 if the trajectory exhibits exploration
(e.g., backtracking or trying multiple paths); 0
if it follows a single, direct route. (ii) Image:
Not applicable.

• Target Achievement (TA): Measures task
completion. (i) Video: 1 if the green square
reaches and stops on the red target in any
frame; 0 otherwise. (ii) Image: 1 if a
continuous, valid blue path connects the start
and end points; 0 otherwise.

• Overall Score: A binary success indicator.
Set to 1 if MC = 0, CW = 0, and TA = 1; 0
otherwise.

C.4 Case Study

Image Generation. Figure 5a illustrates Nano-
banana’s behaviors, showing both perfectly solved
outputs and common failure modes. These include
wall-crossing artifacts in the final predicted tra-
jectory, slight distortions of maze geometry, and
“action-reflection” artifacts—cases where the ren-
dered trajectory contains redundant loops or im-
plausible detours even though no temporal dynam-
ics are involved. These artifacts reflect the model’s
uncertainty when inferring long-range paths from
a single static instruction, resulting in inconsistent
or physically implausible solution traces.

Video Generation. Figure 5b shows two suc-
cessful generations by Veo-3. Frame-by-frame an-
notations reveal that Veo-3 can preserve the maze’s
topology, keeps the green square strictly on valid
white paths, and maintains consistent wall bound-
aries from start to finish. The model occasion-
ally performs mild exploratory behaviors—such

as brief backtracking or short directional adjust-
ments between early frames—before ultimately
converging on the correct route. Notably, these
explorations remain structurally valid: the agent
never crosses walls or distorts the environment,
and the maze remains unchanged throughout the
entire sequence. In contrast, Figure 5c highlights
Veo-3’s failure cases. Here, the model sometimes
introduces structural inconsistencies—removing or
altering wall segments, inserting open passages, or
shifting the geometry of the target region. In other
cases, the green square traverses invalid regions
(e.g., sliding across black walls during transitions)
or produces contradictory intermediate frames de-
spite ending at the correct goal cell. The examples
also show how subtle frame-to-frame drifts, such
as disappearing wall pixels or morphing corridors,
can accumulate into integrity violations not cap-
tured by coarse success metrics. Collectively, these
case studies show that both models may success-
fully reach the red goal but still differ dramatically
in path fidelity, wall adherence, and temporal con-
sistency. The frame-level evidence—ranging from
clean, stable trajectories to structurally inconsis-
tent or wall-violating behaviors—underscores the
necessity of a fine-grained maze-evaluation frame-
work capable of capturing these nuanced, multi-
modal failure modes that simple goal-achievement
metrics overlook.

C.5 Evaluation Results

Key Finding: The Illusion of Competence and
Physical Grounding. Our analysis uncovers two
critical disconnects in video generation reasoning.
First, a dichotomy of simulation: Veo-3 mimics
the result, generating direct solution paths via pat-
tern matching but failing to respect impermeable
boundaries. Conversely, Sora-2 mimics the pro-
cess, performing visible “reasoning” (backtrack-
ing, hesitation) but losing logical coherence (hal-
lucinating maze structures). Second, human ver-
ification reveals an evaluation gap: Automated
VLM metrics systematically overestimate model
competence by missing transient “physics viola-
tions.” While Auto-Eval reports moderate success
for Veo-3, human review reveals that the model
effectively “cheats” by clipping through walls in
fast motion—a failure mode invisible to current
VLMs. Consequently, true adherence to physical
constraints remains near zero, suggesting current
models prioritize visual plausibility over logical
validity.
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Success Case: Maze puzzle solved 
perfectly by Nano-Banana, with 
target completion and no 
constraint violations.

Maze Changed = 0
Cross Wall = 0 
Target Completion = 1
Action Reflection = 0

Failure Case 1: Maze puzzle is 
solved incorrectly by Nano-Banana, 
crossing walls even though it 
reaches the target, with additional 
action-reflection behavior.

Maze Changed = 0
Cross Wall = 1 
Target Completion = 1
Action Reflection = 1

Failure Case 2: Maze puzzle is solved 
incorrectly by Nano-Banana, 
crossing walls even though it 
reaches the target, with additional 
action-reflection behavior.

Maze Changed = 0
Cross Wall = 1 
Target Completion = 1
Action Reflection = 1

Failure Case 3: Maze puzzle is solved 
incorrectly by Nano-Banana, 
crossing walls even though it 
reaches the target, with additional 
action-reflection behavior.

Maze Changed = 0
Cross Wall = 1 
Target Completion = 1
Action Reflection = 1

(a) Success and failure cases generated by Nano-banana. Solution paths are highlighted in blue.

Start

End
Frame 1 Frame 2 Frame 3 Frame 4 Frame 5 Frame 6

Maze Changed = 0

The maze structure, 
including all black walls 
and white paths, remains 
completely unchanged 
throughout the entire 
animation.

Target Achievement = 1

The green square successfully reaches 
the red square goal, which is located 
in the same position as the goal in 
the reference solution image. The 
video ends with the green square 
stopped on the goal.

Cross Wall = 0

Throughout all frames of the video, the green 
square stays exclusively on white path areas. 
There is absolutely no frame where the green 
square touches, overlaps, or crosses into any 
black wall regions during its navigation. The 
square maintains proper boundaries at all times.

Action Reflection = 0

In the video, the green square 
does not exhibit exploratory 
behavior (e.g., backtracking or 
attempting multiple paths) across 
frames and it shows only a direct 
route.

End
Frame 1 Frame 2 Frame 3 Frame 4 Frame 5 Frame 6

Maze Changed = 0

The maze layout—with 
all black walls and white 
pathways—stays entirely 
the same for the duration 
of the animation.

Target Achievement = 1

The green square reaches the red goal 
square, matching the goal position 
shown in the reference solution. The 
video concludes with the green square 
resting on the goal.

Cross Wall = 0

Across every frame of the video, the green square 
remains strictly on the white path. At no point 
does it touch, overlap, or enter any black wall 
region. It consistently preserves correct 
boundaries throughout its entire movement.

Action Reflection = 1

The green square shows 
exploratory actions—such as 
backtracking or probing 
alternative routes—between 
frames 2 and 3 as it looks for a 
new path forward.

Start

Backtracking

(b) Success cases generated by Veo-3. Solution paths are highlighted in blue.

Start

End

Frame 1 Frame 2 Frame 3 Frame 4 Frame 5

Maze Changed = 1

The maze structure in the last several frames 
differ from the reference, constituting a 
failure of the maze integrity criterion. 
Specifically, a segment of the central black 
wall immediately to the bottom of the ending 
position is missing, replacing a solid obstacle 
with an open path.

Target Achievement = 1

The green square successfully 
reaches the red square goal, 
which is located in the same 
position as the goal in the 
reference solution image. The 
video ends with the green square 
stopped on the goal.

Cross Wall = 1

The green square crosses walls 
during its movement. For example, 
between frames 3 to 5, the green 
square moves from one white cell 
to another non-adjacent white 
cell, passing directly over a black 
wall cell in the process.

Action Reflection = 0

In the video, the green 
square does not exhibit 
exploratory behavior (e.g., 
backtracking or 
attempting multiple paths) 
across frames and it shows 
only a direct route.

crossing wall !
maze changed !

(c) Failure cases generated by Veo-3. Solution paths are highlighted in blue.

Figure 5: Case studies comparing success and failure behaviors across Nano-banana and Veo-3.

C.5.1 VLM-Based Evaluation

Table 7 reveals distinct reasoning strategies across
video and image generative models, exposing fun-
damental trade-offs between path planning, struc-
tural preservation, and physical constraint satisfac-
tion. The final Maze row in Table 4 is aggregated

from this VLM-based overall metric; the pixel-
based analysis below is a stricter deterministic di-
agnostic rather than the source of the main-table
score.

Video Models. Among video genera-
tors, Veo-3 dominates with overall scores of
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Table 7: Quantitative results for the 2D Maze task using VLM-based evaluation method. We compare the
performance of video models (Veo-3, Sora-2, and Wan-2.2) and image models (Nano-banana, Nano-banana Pro,
GPT-4o-image, GPT-image-1.5, and Qwen-image) across two maze generation algorithms (DFS and Wilson) and
three difficulty levels (Easy, Medium, and Hard). Because image outputs do not support frame-by-frame reasoning,
action-reflection–based metrics are omitted for image generative models (marked with “N/A”). The best results
among video models are highlighted with blue , and the best results among image models are highlighted with
yellow .

Fine-grained Metrics Primary Metric

Model Maze Changed ↓ Cross Wall ↓ Target Achievement ↑ Action Reflection ↑ Overall ↑
Generator: Depth-First Search

Level: Easy (3×3–5×5)
Video Models

Veo-3 15.50% 25.50% 60.50% 1.00% 42.00%
Sora-2 67.50% 7.50% 12.50% 77.50% 2.50%
Wan-2.2 35.00% 79.17% 10.00% 7.50% 1.67%

Image Models
Nano-banana 5.00% 30.00% 85.00% N/A 15.50%
Nano-banana Pro 5.00% 42.50% 90.00% N/A 17.50%
GPT-4o-image 95.00% 5.00% 72.50% N/A 0.00%
GPT-image-1.5 3.33% 13.33% 90.00% N/A 13.33%
Qwen-image 5.00% 23.33% 65.00% N/A 11.67%

Level: Medium (6×6–9×9)
Video Models

Veo-3 0.50% 25.64% 50.78% 0.00% 38.72%
Sora-2 47.50% 12.50% 10.00% 60.00% 7.50%
Wan-2.2 10.83% 90.83% 23.33% 28.33% 1.67%

Image Models
Nano-banana 0.63% 30.63% 71.25% N/A 4.38%
Nano-banana Pro 0.00% 25.00% 82.50% N/A 2.50%
GPT-4o-image 72.50% 10.00% 82.50% N/A 5.00%
GPT-image-1.5 0.83% 5.83% 80.83% N/A 9.17%
Qwen-image 2.50% 28.33% 44.17% N/A 0.00%

Level: Hard (10×10–13×13)
Video Models

Veo-3 0.00% 18.50% 60.00% 1.50% 51.50%
Sora-2 57.50% 7.50% 25.00% 60.00% 10.00%
Wan-2.2 6.67% 80.83% 20.00% 35.00% 5.00%

Image Models
Nano-banana 0.00% 24.17% 60.00% N/A 0.83%
Nano-banana Pro 0.00% 12.50% 80.00% N/A 5.00%
GPT-4o-image 62.50% 5.00% 77.50% N/A 0.00%
GPT-image-1.5 2.50% 9.17% 86.67% N/A 3.33%
Qwen-image 7.50% 11.67% 42.50% N/A 1.67%

Generator: Wilson’s Algorithm
Level: Easy (3×3–5×5)

Video Models
Veo-3 3.50% 21.50% 61.50% 2.50% 46.50%
Sora-2 67.50% 10.00% 15.00% 40.00% 5.00%
Wan-2.2 32.50% 84.17% 15.00% 8.33% 1.67%

Image Models
Nano-banana 10.50% 47.50% 81.00% N/A 6.50%
Nano-banana Pro 10.00% 32.50% 85.00% N/A 12.50%
GPT-4o-image 82.50% 15.00% 90.00% N/A 2.50%
GPT-image-1.5 5.00% 16.67% 86.67% N/A 5.00%
Qwen-image 5.83% 12.50% 67.50% N/A 20.00%

Level: Medium (6×6–9×9)
Video Models

Veo-3 1.25% 15.62% 55.63% 1.25% 47.50%
Sora-2 62.50% 12.50% 20.00% 47.50% 10.00%
Wan-2.2 14.17% 85.83% 14.17% 15.83% 1.67%

Image Models
Nano-banana 0.00% 36.88% 70.00% N/A 1.25%
Nano-banana Pro 2.50% 17.50% 80.00% N/A 2.50%
GPT-4o-image 75.00% 5.00% 80.00% N/A 5.00%
GPT-image-1.5 0.00% 11.67% 83.33% N/A 4.17%
Qwen-image 4.17% 25.00% 47.50% N/A 0.00%

Level: Hard (10×10–13×13)
Video Models

Veo-3 1.25% 18.75% 58.75% 0.63% 45.62%
Sora-2 45.00% 10.00% 10.00% 52.50% 2.50%
Wan-2.2 10.00% 89.17% 13.33% 28.33% 0.83%

Image Models
Nano-banana 1.25% 27.50% 60.62% N/A 0.00%
Nano-banana Pro 0.00% 22.50% 75.00% N/A 5.00%
GPT-4o-image 60.00% 7.50% 77.50% N/A 7.50%
GPT-image-1.5 2.50% 2.50% 85.00% N/A 4.17%
Qwen-image 2.50% 27.50% 38.33% N/A 0.00%

38.72%–51.50%, substantially outperforming Sora-
2 (2.50%–10.00%) and Wan-2.2 (0.83%–5.00%).
Veo-3 exhibits a “Direct Execution” reasoning
style: its near-zero Action Reflection (0.00%–

2.50%) confirms it generates a single, non-
exploratory route without backtracking. While
this enables high Target Achievement (50.78%–
61.50%), the model’s reliance on one-shot gen-
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eration comes at the cost of physical precision, evi-
denced by Cross Wall rates of 15.62%–25.64%.
This suggests Veo-3 solves mazes via pattern-
matching rather than active search, often “fudg-
ing” collisions to maintain trajectory momen-
tum. In contrast, Sora-2 exhibits “Performative
Reasoning”: it achieves high Action Reflection
scores (40.00%–77.50%) by generating visible ex-
ploratory behaviors like backtracking. However,
this exploration is fundamentally disconnected
from valid state maintenance—the model halluci-
nates new maze structures (Maze Changed 45.00%–
67.50%) while searching, and rarely achieves the
target (10.00%–25.00%). Wan-2.2 demonstrates
a failure of physical constraint satisfaction: its ex-
treme Cross Wall rates (79.17%–90.83%) indicate
it treats walls as visual suggestions rather than im-
permeable boundaries.

Image Models. The image model landscape
reveals a striking dichotomy between structural
preservation and constraint satisfaction. GPT-4o-
image bypasses the reasoning task entirely, alter-
ing the maze structure (Maze Changed 60.00%–
95.00%) to fabricate paths to the target—achieving
high Target Achievement (72.50%–90.00%) but
near-zero overall scores. GPT-image-1.5 rep-
resents a marked improvement: it maintains
structural fidelity (Maze Changed 0.00%–5.00%),
achieves competitive Target Achievement (80.83%–
90.00%), and produces the best overall scores
among image models on DFS mazes (3.33%–
13.33%). The Nano-banana family preserves maze
structure well (Maze Changed 0.00%–10.50%) but
suffers from moderate Cross Wall rates (12.50%–
47.50%), reflecting difficulty in precise path place-
ment within narrow corridors. Interestingly, Qwen-
image achieves the highest image model overall
score (20.00%) on Wilson’s Easy mazes despite
modest Target Achievement (67.50%), suggesting
it may be better suited to the more uniform passage
widths characteristic of Wilson’s algorithm.

Cross-Cutting Observations. Several patterns
emerge across both modalities. First, high Target
Achievement does not guarantee success: GPT-
4o-image reaches targets in 72.50%–90.00% of
cases but scores near zero overall due to structural
violations. Second, difficulty scaling is asymmet-
ric—video models maintain relatively stable perfor-
mance across difficulty levels, while image models
show steeper degradation from Easy to Hard. Third,
the choice of maze generator matters: Wilson’s al-
gorithm produces more uniform mazes that some

models (Qwen-image, Veo-3) handle better than
the dead-end-heavy DFS mazes. These findings
underscore that maze-solving requires the conjunc-
tion of structural preservation, physical constraint
adherence, and goal achievement—capabilities that
current generative models struggle to integrate.

C.5.2 Limitations and Insights from
VLM-Based Evaluation

Our evaluation pipeline relies on a VLM-based
automated evaluator (AutoEval), instantiated as
Gemini-2.5-Pro. While AutoEval delivers con-
sistent ratings for Easy and Medium tasks, its re-
liability degrades significantly at the Hard diffi-
culty level. In these complex scenarios, high-
velocity agent movements challenge the VLM’s
temporal resolution. The evaluator frequently
“drops frames,” missing transient but critical
violations—specifically Cross Wall and Maze
Changed errors—that occur within single frames.
Consequently, AutoEval can systematically over-
estimate performance on harder tasks. Beyond
validation reliability, our analysis highlights the
critical concept of evaluability. Models that ex-
plicitly visualize reasoning—such as Nano-banana,
which renders its intended trajectory as a static
blue path—fundamentally transform the evaluation
task. This “plan visualization” converts a challeng-
ing temporal verification problem (tracking frame-
by-frame collisions) into a straightforward spatial
comparison (checking static path validity), thereby
enhancing transparency and trustworthiness. How-
ever, this benefit relies on structural faithfulness.
When prompted to generate similar trajectory visu-
alizations, Veo-3 frequently produced erratic, hal-
lucinated blue curves covering area the agent never
visited. Far from aiding interpretation, these hal-
lucinations obscured the model’s actual reasoning
and actively confused the Gemini-2.5-Pro evalu-
ator, further degrading AutoEval accuracy. This
underscores a key insight: while explicit visual
reasoning can improve evaluability, it is only bene-
ficial when the visualized artifacts remain grounded
in the physical reality of the environment.

C.5.3 Pixel-based Evaluation
As a stricter supplementary diagnostic for limita-
tions inherited from VLM-based evaluation, we
propose a fully deterministic pixel-based evalu-
ation pipeline that relies solely on classical com-
puter vision operations, without invoking any vi-
sion–language or large language models. This eval-
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uation directly compares generated outputs against
ground-truth solutions at the pixel level, enabling
fine-grained, reproducible, and cost-free assess-
ment of maze-solving correctness.

Image Generation. We compare each gener-
ated image against its corresponding ground-truth
solution using pure vision-based analysis. We first
segment semantic components by color, including
black walls, the green start marker, the red tar-
get marker, and the blue solution path. Based on
these segments, we compute four classes of met-
rics: (1) Wall Crossing Detection checks whether
the generated blue path intersects maze walls, us-
ing erosion-based tolerance to account for anti-
aliasing; crossings are flagged only when the inter-
section ratio exceeds a small threshold. (2) Lay-
out Matching verifies structural consistency by
computing IoU between wall regions and measur-
ing centroid distances for start and target markers
within a fixed pixel tolerance. (3) Path Matching
evaluates route correctness by dilating thin gener-
ated paths to match cell width and computing IoU,
precision, recall, and a cell-level target achieve-
ment score that measures whether the intended
route is covered. (4) Reflection/Exploration De-
tection analyzes the skeletonized path to identify
loops and excessive detours, capturing backtrack-
ing or exploratory behavior beyond the optimal so-
lution. To align with VLM-based evaluation, each
continuous metric is converted into a corresponding
gated metric using predefined thresholds1. These
binary indicators are then aggregated into a gated
overall score, which equals 1 if and only if the lay-
out is correct, no wall crossings are detected, and
sufficient target achievement is reached (with no
excessive reflection); otherwise, the overall score
is 0. A perfect gated overall score therefore corre-
sponds to a fully valid maze solution under strict
pixel-level criteria.

Video Generation. We extend the same pixel-
based principles to the temporal domain. We ex-
tract the maximum number of frames from each
video (192 frames at 24 fps for Veo-3, 360 frames
for Sora-2, and 120 frames for Wan-2.2) and track
the green agent marker across frames to reconstruct
the full traversal path. The accumulated path is then
compared against the ground-truth solution image

1Gated thresholds for image evaluation are defined as:
maze match IoU > 0.8, no wall crossing detected, target
achievement > 0.95, and reflection detected if the generated
path contains loops or its length exceeds 1.3× the solution
path length.

rather than intermediate video frames, ensuring
a stable reference. Evaluation mirrors the image
setting but incorporates temporal robustness: (1)
Wall Crossing Detection is applied to the accu-
mulated path with stronger erosion to avoid false
positives near cell boundaries; (2) Layout Match-
ing is computed for every frame, and the minimum
score across all frames is reported to capture worst-
case hallucinations or scene drift; (3) Path Match-
ing compares the dilated accumulated path with
the solution using IoU, precision, recall, and target
achievement; and (4) Reflection/Exploration De-
tection identifies loops and excessive path length
relative to the optimal route. As in the image set-
ting, each continuous metric is mapped to a gated
metric using strict thresholds2. The gated overall
score for a video equals 1 only when all required
conditions are simultaneously satisfied—correct
layout across all frames, absence of wall crossings,
near-complete target coverage, and no excessive
reflection—yielding a binary success indicator suit-
able for benchmarking. Any failure in these criteria
results in an overall score of 0, ensuring that a per-
fect score reflects a temporally consistent and fully
correct maze-solving trajectory.

Qualitative Examples of Pixel-Based Evalua-
tion. Figure 6 presents two representative examples
of pixel-based evaluation for maze-solving tasks,
comparing image generation (Nano-banana, left)
and video generation (Veo-3, right). For the Nano-
banana model, the top row shows the targeted and
solved mazes, while the bottom row reveals sub-
stantial wall-crossing violations and limited path
alignment with the ground-truth solution, leading
to failure under gated evaluation despite high maze
structure preservation. In contrast, for the Veo-3
model, the top row displays the targeted and solved
mazes with a trajectory reconstructed from the gen-
erated video, and the bottom row indicates negligi-
ble wall-crossing and strong path alignment with
full target achievement, resulting in passing all
gated criteria despite imperfect layout consistency.

Quantitative Evaluation Results. Table 8
presents the pixel-based evaluation results across
all models and difficulty levels. The most strik-
ing observation is the substantially lower over-
all scores compared to VLM-based evaluation,

2For video evaluation, gated thresholds follow the same
criteria as images, except that layout matching is evaluated
as the minimum IoU across all frames and wall crossing is
flagged only if the crossing ratio exceeds 5% to account for
temporal accumulation noise.
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Pixel-based evaluation of maze-solving image generation (Nano-banana). 

Top row: (1) Left: the Targeted Maze, where the model-generated solution 
is rendered as a blue path connecting the green start region to the red goal. 
(2) Right: the Solved Maze, showing the ground-truth solution path in blue.

Bottom row: deterministic pixel-level diagnostics. (1) Left: wall-crossing 
analysis highlights constraint violations (yellow), with 36,825 wall-crossing 
pixels (wall-crossing ratio = 0.19). (2) Right: path overlap analysis between 
the generated path (red) and the ground-truth solution (green) shows 
limited alignment (path IoU = 0.34, precision = 0.53, recall = 0.49), despite 
partial target achievement (0.70). 

Although the maze structure is largely preserved (layout match = 0.97, 
maze structure IoU = 0.92), the generated trajectory is inefficient (path 
length ratio = 2.0, 13 loops), leading to a low overall score of 0.067 (no 
gated) and failure under gated evaluation due to wall-crossing.

Pixel-based evaluation of maze-solving video generation (Veo-3).

Top row: (1) Left: the Targeted Maze, where the trajectory extracted 
from the generated video (blue) is reconstructed via green-marker 
tracking across all 192/192 frames. (2) Right: the Solved Maze, showing 
the ground-truth solution path in blue.

Bottom row: deterministic pixel-level diagnostics. (1) Left: wall-crossing 
analysis indicates no constraint violation (wall-crossing ratio = 0.005). 
(2) Right: path overlap analysis between the reconstructed video path 
and the ground-truth solution shows substantial alignment (path IoU = 
0.58, precision = 0.58, recall = 1.00), with full target achievement (1.00). 

Despite imperfect layout consistency (maze structure IoU = 0.80, due to 
video resizing) and localization drift of start/end regions, the trajectory 
remains efficient (path length ratio = 1.17, 13 loops), resulting in a 
higher overall score of 0.34 (no gated) and passing all gated criteria.

Figure 6: Pixel-based evaluation of maze-solving image generation (Nano-banana, left) and video generation
(Veo-3, right).

confirming that pixel-level analysis imposes far
stricter correctness criteria. Across all configu-
rations, the best-performing model achieves only
30.00% overall success (Nano-banana Pro on DFS
Medium), with most models scoring at or near zero
on Medium and Hard difficulty levels. Among
video models, Veo-3 emerges as the only model
capable of achieving non-zero overall scores, reach-
ing 10.50% on DFS Easy and 11.50% on Wilson’s
Easy. However, its performance collapses entirely
at Medium and Hard levels, where Cross Wall
rates escalate to 96–99% and Maze Changed rates
reach 100%. This confirms that Veo-3’s apparent
competence at easier levels does not generalize
to more complex mazes. Sora-2 exhibits 100%
Maze Changed across all configurations, indicating
complete structural hallucination that renders target
achievement scores (45–65%) meaningless—the
model solves self-generated mazes rather than the
input puzzles. Wan-2.2 demonstrates excellent lay-
out preservation (0–10% Maze Changed) but suf-
fers from near-universal wall crossing violations
(82–100%), suggesting the model maintains visual
fidelity while completely disregarding physical con-
straints. Among image models, Nano-banana Pro
achieves the highest overall score at 30.00% on
DFS Medium, benefiting from relatively low Cross
Wall rates (30–82.5%) compared to other mod-

els. Nano-banana shows competitive performance
on Easy tasks (5–14%) but degrades rapidly at
higher difficulties. Notably, Qwen-image achieves
near-perfect Target Achievement scores (89–100%)
across all levels, yet scores near zero overall due
to high Maze Changed (49–100%) and Cross Wall
(84–90%) rates—demonstrating that reaching the
target is trivial when the model ignores maze con-
straints. GPT-4o-image fails uniformly with 100%
Maze Changed and 0% Target Achievement, con-
firming it cannot process input maze structures.
In contrast, GPT-image-1.5 shows substantial im-
provement over GPT-4o-image: it achieves non-
zero overall scores on DFS Easy (1.67%) and DFS
Medium (3.33%), and demonstrates dramatically
better layout preservation at Hard levels (0–1.67%
Maze Changed on DFS/Wilson Hard versus 100%
for GPT-4o-image). However, GPT-image-1.5 still
suffers from high Cross Wall rates (87–97%) and
low Target Achievement (5–20%), indicating that
while it can maintain maze structure, it struggles
with precise path placement within corridors. The
results reveal a clear difficulty scaling effect: over-
all scores decrease monotonically from Easy to
Hard for all models, with Cross Wall rates in-
creasing correspondingly. This pattern suggests
that current generative models lack genuine spa-
tial reasoning capabilities—their limited success
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Table 8: Quantitative results for the 2D Maze task using pixel-based evaluation method. We compare the
performance of video models (Veo-3, Sora-2, and Wan-2.2) and image models (Nano-banana, Nano-banana Pro,
GPT-4o-image, GPT-image-1.5, and Qwen-image) across two maze generation algorithms (DFS and Wilson) and
three difficulty levels (Easy, Medium, and Hard). Because image outputs do not support frame-by-frame reasoning,
action-reflection–based metrics are omitted for image generative models (marked with “N/A”). The best results
among video models are highlighted with blue , and the best results among image models are highlighted with
yellow .

Fine-grained Metrics Primary Metric

Model Maze Changed ↓ Cross Wall ↓ Target Achievement ↑ Action Reflection ↑ Overall ↑
Generator: Depth-First Search

Level: Easy (3×3–5×5)
Video Models

Veo-3 71.00% 76.00% 33.50% 59.50% 10.50%
Sora-2 100.00% 97.50% 45.00% 100.00% 0.00%
Wan-2.2 2.50% 90.00% 25.00% 87.50% 0.00%

Image Models
Nano-banana 2.50% 69.50% 44.00% N/A 14.00%
Nano-banana Pro 7.50% 42.50% 30.00% N/A 12.50%
GPT-4o-image 100.00% 77.50% 0.00% N/A 0.00%
GPT-image-1.5 96.67% 87.50% 8.33% N/A 1.67%
Qwen-image 60.00% 89.17% 95.83% N/A 0.00%

Level: Medium (6×6–9×9)
Video Models

Veo-3 100.00% 96.48% 14.07% 43.22% 0.00%
Sora-2 100.00% 97.50% 60.00% 100.00% 0.00%
Wan-2.2 7.50% 100.00% 15.00% 82.50% 0.00%

Image Models
Nano-banana 0.00% 78.50% 22.00% N/A 2.00%
Nano-banana Pro 0.00% 30.00% 37.50% N/A 30.00%
GPT-4o-image 100.00% 77.50% 0.00% N/A 0.00%
GPT-image-1.5 47.50% 88.33% 20.00% N/A 3.33%
Qwen-image 82.50% 84.17% 98.33% N/A 0.00%

Level: Hard (10×10–13×13)
Video Models

Veo-3 100.00% 98.50% 10.00% 22.50% 0.00%
Sora-2 100.00% 95.00% 52.50% 60.00% 0.00%
Wan-2.2 0.00% 97.50% 5.00% 67.50% 0.00%

Image Models
Nano-banana 15.00% 94.00% 10.00% N/A 1.00%
Nano-banana Pro 0.00% 50.00% 7.50% N/A 0.00%
GPT-4o-image 100.00% 62.50% 0.00% N/A 0.00%
GPT-image-1.5 1.67% 90.00% 5.83% N/A 0.00%
Qwen-image 98.33% 88.33% 100.00% N/A 0.00%

Generator: Wilson’s Algorithm
Level: Easy (3×3–5×5)

Video Models
Veo-3 72.00% 75.00% 37.50% 79.00% 11.50%
Sora-2 100.00% 97.50% 65.00% 100.00% 0.00%
Wan-2.2 0.00% 82.50% 17.50% 90.00% 0.00%

Image Models
Nano-banana 0.00% 83.50% 42.50% N/A 5.00%
Nano-banana Pro 0.00% 65.00% 30.00% N/A 7.50%
GPT-4o-image 100.00% 92.50% 10.00% N/A 0.00%
GPT-image-1.5 98.33% 94.17% 20.00% N/A 0.83%
Qwen-image 49.17% 90.83% 89.17% N/A 0.83%

Level: Medium (6×6–9×9)
Video Models

Veo-3 100.00% 97.50% 12.00% 56.00% 0.00%
Sora-2 100.00% 95.00% 47.50% 100.00% 0.00%
Wan-2.2 5.00% 100.00% 15.00% 95.00% 0.00%

Image Models
Nano-banana 0.00% 93.50% 19.50% N/A 0.00%
Nano-banana Pro 2.50% 82.50% 20.00% N/A 0.00%
GPT-4o-image 100.00% 82.50% 0.00% N/A 0.00%
GPT-image-1.5 45.00% 97.50% 14.17% N/A 0.00%
Qwen-image 80.83% 85.83% 99.17% N/A 0.00%

Level: Hard (10×10–13×13)
Video Models

Veo-3 100.00% 98.00% 6.00% 29.00% 0.00%
Sora-2 100.00% 95.00% 55.00% 100.00% 0.00%
Wan-2.2 10.00% 100.00% 0.00% 92.50% 0.00%

Image Models
Nano-banana 11.00% 99.50% 19.00% N/A 0.00%
Nano-banana Pro 0.00% 82.50% 15.00% N/A 5.00%
GPT-4o-image 100.00% 67.50% 0.00% N/A 0.00%
GPT-image-1.5 0.00% 97.50% 5.00% N/A 0.00%
Qwen-image 100.00% 88.33% 100.00% N/A 0.00%

on Easy mazes reflects memorization or lucky pat-
tern matching rather than algorithmic path planning.
The pixel-based evaluation thus provides a stricter
diagnostic assessment of model capabilities, expos-
ing performance gaps that VLM-based metrics can

underestimate.
Failure Modes Analysis. To investigate the root

causes of model failure, we conduct an in-depth
examination of two primary failure modes: Maze
Changing and Wall Crossing. Manual review of
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Input Maze Solved Maze by GPT-4o-image First Frame of Solved Maze by Sora-2

Figure 7: Input maze (left) and altered maze layouts generated by GPT-4o-image (middle) and Sora-2 (right).

OpenAI’s video model Sora-2 and image model
GPT-4o-image reveals systematic disregard for in-
put maze structures, with generated outputs bearing
little resemblance to the provided layouts. Quan-
titative analysis confirms this observation: both
models exhibit a 100% maze changing rate across
all difficulty levels, accompanied by extremely low
average maze structure IoU scores (0.3210 for GPT-
4o-image and 0.1260 for Sora-2), indicating com-
plete structural hallucination rather than minor de-
viations (see Figure 7 for representative examples).
Notably, GPT-image-1.5 exhibits a markedly differ-
ent failure profile: while it still struggles with Easy-
level mazes (96–98% Maze Changed), it demon-
strates strong structural preservation at Hard lev-
els (0–1.67% Maze Changed), suggesting that the
newer model has improved input conditioning ca-
pabilities. However, GPT-image-1.5’s primary fail-
ure mode shifts to wall crossing (87–97% across
all levels), indicating that while it can faithfully
reproduce maze layouts, it lacks the spatial rea-
soning to generate valid paths within those con-
straints. In contrast, Veo-3 demonstrates substan-
tially better structural preservation with an aver-
age IoU of 0.6573. However, its elevated maze
changing rate stems from a fundamentally different
failure mode—partial layout deviations induced
by wall crossing violations rather than wholesale
structural rejection. To quantify this relationship,
we analyze Veo-3 evaluation cases and observe a
strong association between layout match failure
and wall crossing action. The two conditions co-
occur in 84.99% of all cases, with highly direc-
tional conditional probabilities: 93.92% of layout
failures involve wall crossing, while 94.18% of
wall crossing events trigger layout failure. The Phi
coefficient (ϕ = 0.3821) indicates a statistically
significant moderate positive correlation, confirm-
ing that wall crossing serves as a strong predic-
tor of layout match failure. This finding validates
our gating mechanism’s design—when agents vio-

late physical maze constraints, the penalty system
correctly identifies and penalizes the error. The
analysis reveals that for models like Veo-3 and
GPT-image-1.5, structural failures are frequently
downstream consequences of physical constraint
violations, whereas for Sora-2 and GPT-4o-image,
failures reflect fundamental inability to respect in-
put spatial constraints.

D Sudoku

We introduce the Sudoku task to evaluate a
model’s core abilities in Constraint Satisfaction
and Logical Reasoning. This task directly probes a
model’s capacity for logical inference—its ability
to derive valid conclusions under a structured set of
logical rules. In Sudoku, the model must internalize
the underlying constraints that govern valid solu-
tions, ensuring that each symbol appears exactly
once in every row, column, and subgrid. More-
over, the task explicitly tests deductive reasoning:
the step-by-step application of these constraints to
infer the only logically consistent values for each
empty cell. Successful completion thus requires
the model to integrate global structural understand-
ing with local deductive consistency, producing a
fully valid and complete grid (Seely et al., 2025).

D.1 Hard-Level Control

To construct a diverse yet systematically controlled
evaluation set, we programmatically generate puz-
zles that span a wide range of structural properties
and reasoning demands. Task difficulty is explic-
itly controlled by varying parameters along two pri-
mary axes, enabling fine-grained analysis of how
model performance scales with increasing struc-
tural complexity and reasoning depth:

• Grid Size (2 levels): We generate puzzles in
two standard configurations—4×4 (digits 1–
4) and 9×9 (digits 1–9). The larger grid sub-
stantially increases combinatorial difficulty
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(a) 4×4 (Easy) (b) 4×4 (Easy) Solution (c) 9×9 (Easy) (d) 9×9 (Easy) Solution

(e) 4×4 (Medium) (f) 4×4 (Medium) Solution (g) 9×9 (Medium) (h) 9×9 (Medium) Solu-
tion

(i) 4×4 (Hard) (j) 4×4 (Hard) Solution (k) 9×9 (Hard) (l) 9×9 (Hard) Solution

Figure 8: A 3×4 grid showing Sudoku puzzles and their solutions across Easy, Medium, and Hard difficulty levels
for both 4×4 and 9×9 grid sizes, arranged so each puzzle is immediately followed by its solution.

and requires deeper multi-step logical infer-
ence.

• Puzzle Difficulty (3 levels): For each grid
size, we control difficulty by varying the num-
ber of initial clues (pre-filled digits). The
three levels—Easy (many clues), Medium,
and Hard (few clues while ensuring a unique
solution)—modulate the search space and
constraint-satisfaction complexity.

For every difficulty level (Easy, Medium, Hard),
we generate 100 puzzles: 50 for the 4×4 grid and
50 for the 9×9 grid. This results in a balanced
evaluation set of 300 Sudoku puzzles spanning a
controlled spectrum of structural sizes and reason-
ing challenges. Figure 8 provides representative
puzzles and solutions for each difficulty level and
grid size, with each puzzle displayed directly above
its corresponding solution.

D.2 Evaluation and Metrics
We evaluate both video and image outputs using
a Vision-Language Model (VLM)–based evalua-
tor, Gemini-2.5-Pro (Comanici et al., 2025). The

evaluator receives three inputs: (i) the generated
video or image, (ii) the ground-truth solved Sudoku
grid, and (iii) a structured evaluation prompt (with
modality-specific variants). Using these inputs, the
VLM assesses whether the model produces a valid
Sudoku solution and identifies failure modes re-
lated to rule consistency, clue preservation, and
reasoning behavior.

From the evaluator’s structured outputs, we de-
rive one primary success metric and four fine-
grained metrics:

• Clues Changed (CC, Failure Mode): (i)
Video: 1 if any original digits (“clues”) are
modified, removed, or displaced in any frame;
0 if all clues remain intact across the entire se-
quence. (ii) Image: 1 if any given clue differs
from the original puzzle image; 0 otherwise.

• Constraint Violation (CV, Failure Mode):
The fraction of Sudoku constraints violated in
the final output, including row, column, and
subgrid constraints. A value of 0 indicates full
rule compliance, while higher values indicate
more severe violations.
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• Completion Accuracy (CA): The fraction of
correctly filled originally empty cells, com-
puted by comparing the model’s final output
against the ground-truth solution.

• Action Reflection (AR): (i) Video: 1 if the
video exhibits explicit reflection actions, such
as correcting earlier entries; 0 if updates
appear simultaneously or occur in a non-
reflective order. (ii) Image: Not applicable.

• Overall Score: 1 only if Clues Changed=0
AND Constraints Violation=0 AND Com-
pletion Accuracy=1; 0 otherwise.

D.3 Case Study
Figure 9 and Figure 10 illustrate several solution
trajectories generated by Nano-banana (image gen-
erative model) and Veo-3 (video generative model)
for the same 4×4 easy Sudoku puzzle. In the suc-
cessful case, Nano-banana solves the puzzle per-
fectly—preserving all initial clues, following valid
reasoning steps, and reaching the correct final con-
figuration without any constraint violations. How-
ever, when the model fails, the error patterns
align closely with our diagnostic evaluation met-
rics: missing digits, repeated numbers within a
row or box, constraint violations across frames,
and changes to the original clues. These failures
often arise despite our detailed, instruction-focused
generation prompts, suggesting that Nano-banana
still lacks the deeper abstract reasoning capacity
required for consistent multi-step logical prob-
lem solving. Although Veo-3 performs worse
overall in producing fully correct solutions, its
video outputs reveal a set of systematic and inter-
pretable reasoning behaviors: (1) Veo-3 demon-
strates a strong positional bias: it almost always
initiates its reasoning from the top-left box of the
grid. Humans, in contrast, typically adapt their
solving order based on puzzle structure, difficulty,
or available constraints—suggesting that Veo-3 re-
lies more on a fixed procedural heuristic than
on dynamic reasoning. (2) Veo-3 frequently en-
gages in self-reflective edits during the generation
process. These edits occasionally help the model
avoid violations (e.g., at second 3, where it changes
the (1,1) cell from “4” to “2” to resolve a con-
flict), but they can also be detrimental. At second
2, for example, Veo-3 overwrites a correct digit,
changing the (0,0) entry from “2” to “3,” instantly
invalidating the entire solution. This behavior illus-
trates a broader challenge in generative reasoning

models: self-reflection without grounded logical
consistency can introduce more instability than
benefit. (3) Veo-3 exhibits a characteristic tem-
poral drift pattern. Its early frames often remain
stable and respect the given clues, but as generation
progresses, the model increasingly modifies clues,
introduces inconsistencies, or oscillates between
alternative partial solutions. This suggests that the
model lacks a persistent internal representation
of constraints, leading to reasoning degradation
over time, even when the prompt explicitly pro-
hibits altering clues.

Overall, these case studies highlight the gap
between current generative models and true
abstract reasoning ability. Both Nano-banana
and Veo-3 demonstrate surface-level compe-
tence—filling cells, correcting mistakes, or imitat-
ing stepwise processes—but neither maintains a ro-
bust, constraint-aware reasoning trajectory through-
out the entire solution. These observations rein-
force the importance of MMGR’s diagnostic met-
rics: beyond assessing whether the final answer is
correct, evaluating how the model reasons is essen-
tial for understanding the strengths and limitations
of generative reasoning models.

D.4 Evaluation Results

Key Finding: Image Models Outperform Video
Models in Symbolic Reasoning. Image genera-
tion models significantly outperform video mod-
els on Sudoku tasks, as video models suffer from
severe temporal instability and a lack of global
symbolic reasoning. While video models exhibit
high action reflection (making step-by-step edits),
they fail to maintain logical consistency, leading
to frequent constraint violations and clue changes.
Under the strict primary success criterion, Veo-
3 remains at or near 0% overall success across
conditions, highlighting that current video mod-
els strictly fail at complex symbolic reasoning and
that VLM-based auto-evaluation can overestimate
model performance.

D.4.1 VLM-Based Evaluation
Table 9 reveals that all generative models strug-
gle with Sudoku under strict evaluation crite-
ria, though image models exhibit substantially
better fine-grained metrics. The final Sudoku
row in Table 4 is aggregated from this VLM-
based overall metric; the OCR-based analysis be-
low is a stricter deterministic diagnostic rather
than the source of the main-table score. Image
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Easy (4x4) Example Success Case: Sudoku puzzles 
solved perfectly by Nano-
Banana, with all clues preserved 
and no constraint violations.

Clues Changed = 0
Constraints Violation = 0 
Completion Accuracy = 1

Failure Case 1: The Sudoku puzzle 
is solved incorrectly by Nano-
Banana, exhibiting repeated digits 
within the lower-right box.

Clues Changed = 0
Constraints Violation = 1 
Completion Accuracy = 0

Failure Case 2: The Sudoku solution 
generated by Nano-Banana 
contains repeated digits in the 
lower-left box and a missing digit 
in the upper-right box, resulting in 
an invalid solution.

Clues Changed = 0
Constraints Violation = 0 
Completion Accuracy = 0

Figure 9: Case Study: Success and failure cases generated by Nano-banana.

Easy (4x4) Example

Second 1: Veo-3 consistently 
begins its solution by filling 
the top-left cell (0,0) with 
the digit “2.”

Second 2: Veo-3 exhibits self-reflection 
by changing its initial entry from “2” to 
“3,” but then incorrectly fills the (1,1) 
cell in the box with “4,” violating 
constraints because another “4” already 
exists in the same box.

Second 3: Veo-3 demonstrates self-
reflection by revising the filled digit from 
“4” to “2” to prevent a box-level violation; 
however, this adjustment still violates 
constraints, as a “2” is already present in 
the same row.

Seconds 4-5: Veo-3 overlooks 
the violations in the second 
column and fills cell (2,1) 
with the digit “2,” which 
breaks the constraints 
because another “2” already 
exists in the same column.

Second 6: Veo-3 exhibits self-
reflection by changing the filled digit 
at (2,1) from “2” to “1” to avoid a 
column conflict, but this introduces a 
new violation because another “1” 
already exists in the same row. It also 
replaces the clue at (3,0) with “1,” 
creating an additional box-level 
conflict and altering a provided clue.

Seconds 7: Veo-3 fills the 
(3,1) and (3,2) cells with two 
“2” digits – this step creates 
a lot of constraints 
violation. 

0         1        2          3

0

1

2

3

constraint
violationself-reflection

self-reflection

constraint
violation

constraint
violation

self-reflection

constraint
violation

clues changed

constraint
violation

constraint
violation

Last Frame: As a result, the model 
fails to solve the puzzle, producing a 
final output with missing digits, 
repeated violations, and altered clues 
across frames.

Figure 10: Case Study: Failure cases generated by Veo-3 with frame-wise analysis highlighting three key behaviors:
positional bias, self-reflective edits, and temporal drift.

models (Nano-banana, Nano-banana Pro, GPT-
4o-image, GPT-image-1.5, Qwen-image) con-
sistently achieve higher completion accuracy
and lower constraint violation rates, reflecting
stronger symbolic consistency when directly pro-
ducing completed Sudoku grids. In contrast, video
models (Veo-3, Sora-2, Wan-2.2) almost univer-
sally modify original clues and violate constraints,
resulting in near-zero overall success.

4×4 Performance. Even in the simplest setting,
most models fail to produce fully correct solutions.
Among video models, Veo-3 achieves the best
overall score at only 1.20% on Easy puzzles,
while Sora-2 and Wan-2.2 completely fail (0%).
Video models exhibit severe clue modification

(72%–100%) and near-universal constraint viola-
tions (96%–100%). GPT-image-1.5 emerges as the
only model achieving meaningful overall success:
22.67% on Easy, 10.67% on Medium, and 7.33%
on Hard. Other image models achieve 0% overall
despite superior fine-grained metrics—Nano-
banana Pro reaches 97% completion accuracy with
only 1.33% constraint violations on Easy, but its
35% clue-change rate prevents any valid solutions.
Although Veo-3 maintains high action reflection
(92%–96%), its completion accuracy remains low
(30%–38%), and clue-change rates (70%–76%)
indicate persistent temporal drift.

9×9 Performance. On full-scale Sudoku, where
global structural consistency is essential, all mod-
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Table 9: Quantitative results for the Sudoku task using VLM-based evaluation method. We evaluate video models
(Veo-3, Sora-2, and Wan-2.2) and image models (Nano-banana, Nano-banana Pro, GPT-4o-image, GPT-image-1.5,
and Qwen-image) on two grid sizes (4×4, 9×9) and three difficulty levels (Easy, Medium, and Hard). Because
image outputs do not support frame-by-frame reasoning, action-reflection–based metrics are omitted for image
generative models (marked with “N/A”). The best results among video models are highlighted with blue , and the
best results among image models are highlighted with yellow .

Fine-grained Metrics Primary Metric

Model Clues Changed ↓ Constraints Violation ↓ Completion Accuracy ↑ Action Reflection ↑ Overall ↑
Grid Size: 4×4

Level: Easy
Video Models

Veo-3 72.40% 98.40% 37.22% 92.00% 1.20%
Sora-2 100.00% 95.92% 25.78% 32.65% 0.00%
Wan-2.2 100.00% 100.00% 17.22% 4.67% 0.00%

Image Models
Nano-banana 18.61% 17.20% 81.14% N/A 0.00%
Nano-banana Pro 35.25% 1.33% 97.05% N/A 0.00%
GPT-4o-image 21.55% 19.26% 74.99% N/A 0.00%
GPT-image-1.5 63.33% 32.06% 64.57% N/A 22.67%
Qwen-image 59.66% 45.33% 83.30% N/A 0.00%

Level: Medium
Video Models

Veo-3 75.60% 100.00% 37.61% 95.60% 0.00%
Sora-2 100.00% 100.00% 21.71% 61.90% 0.00%
Wan-2.2 100.00% 100.00% 14.36% 6.00% 0.00%

Image Models
Nano-banana 21.42% 21.30% 67.45% N/A 0.00%
Nano-banana Pro 34.81% 0.50% 94.73% N/A 0.00%
GPT-4o-image 33.16% 22.45% 55.54% N/A 0.00%
GPT-image-1.5 60.67% 37.39% 52.99% N/A 10.67%
Qwen-image 37.82% 43.67% 82.83% N/A 0.00%

Level: Hard
Video Models

Veo-3 70.00% 100.00% 30.38% 94.80% 0.00%
Sora-2 100.00% 91.30% 20.03% 60.87% 0.00%
Wan-2.2 99.33% 100.00% 14.79% 6.00% 0.00%

Image Models
Nano-banana 25.84% 25.80% 58.79% N/A 0.00%
Nano-banana Pro 36.53% 0.83% 91.08% N/A 0.00%
GPT-4o-image 35.73% 27.70% 47.49% N/A 0.00%
GPT-image-1.5 81.33% 39.11% 40.39% N/A 7.33%
Qwen-image 35.00% 47.50% 84.69% N/A 0.00%

Grid Size: 9×9
Level: Easy

Video Models
Veo-3 68.40% 100.00% 15.47% 70.00% 0.00%
Sora-2 95.74% 95.74% 8.47% 34.04% 4.26%
Wan-2.2 87.33% 100.00% 18.03% 8.00% 0.00%

Image Models
Nano-banana 17.59% 31.66% 58.73% N/A 0.00%
Nano-banana Pro 19.09% 33.67% 51.92% N/A 0.00%
GPT-4o-image 69.39% 59.57% 20.23% N/A 0.00%
GPT-image-1.5 100.00% 88.79% 13.85% N/A 0.00%
Qwen-image 29.14% 5.78% 72.02% N/A 0.00%

Level: Medium
Video Models

Veo-3 66.00% 99.20% 13.66% 72.00% 0.40%
Sora-2 100.00% 100.00% 9.43% 30.00% 0.00%
Wan-2.2 85.33% 100.00% 16.13% 2.00% 0.00%

Image Models
Nano-banana 21.87% 35.54% 50.43% N/A 0.00%
Nano-banana Pro 14.91% 28.40% 46.47% N/A 0.00%
GPT-4o-image 69.54% 59.69% 19.18% N/A 0.00%
GPT-image-1.5 100.00% 89.14% 14.62% N/A 0.00%
Qwen-image 28.58% 7.41% 73.74% N/A 0.00%

Level: Hard
Video Models

Veo-3 68.80% 99.60% 13.45% 70.40% 0.00%
Sora-2 92.86% 92.86% 8.65% 35.71% 7.14%
Wan-2.2 93.00% 100.00% 16.86% 3.00% 0.00%

Image Models
Nano-banana 27.25% 38.16% 41.11% N/A 0.00%
Nano-banana Pro 14.75% 41.36% 40.11% N/A 0.00%
GPT-4o-image 69.80% 57.66% 15.76% N/A 0.00%
GPT-image-1.5 100.00% 87.26% 12.81% N/A 0.00%
Qwen-image 27.26% 10.44% 73.59% N/A 0.00%

els struggle severely. Paradoxically, video mod-
els achieve higher overall scores than image mod-
els: Sora-2 reaches 4.26% on Easy and 7.14% on
Hard, while all image models achieve 0% over-
all. However, this reflects VLM evaluation in-

consistencies rather than genuine video model su-
periority—video models exhibit 66%–100% clue-
change rates and near-universal constraint vio-
lations (92%–100%). Image models maintain
better underlying metrics: Qwen-image achieves
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72%–74% completion accuracy with only 5%–10%
constraint violation rates, yet fails overall due to
27%–29% clue modifications. Nano-banana and
Nano-banana Pro preserve clues better (15%–27%
change rates) but suffer from higher constraint vio-
lations (28%–41%) at the 9×9 scale.

The stark contrast between fine-grained met-
rics and overall success reveals the difficulty of Su-
doku under strict evaluation: even models with high
completion accuracy fail when any clue is modified
or any constraint violated. Image models demon-
strate stronger symbolic grounding through lower
clue-change and constraint-violation rates, yet the
combinatorial demands of perfect solutions expose
limitations across all current generative architec-
tures. Video models, despite producing visually
coherent step-by-step animations with high action
reflection (70%–96%), lack the constraint-aware
reasoning needed to avoid cumulative errors—their
sequential generation process introduces temporal
instability that compounds across frames, making
valid solutions nearly impossible.

D.4.2 OCR-Based Evaluation
As a stricter supplementary diagnostic for limita-
tions of VLM-based evaluation, we introduce a
fully deterministic OCR-based evaluation pipeline
that relies solely on optical character recognition
and classical computer vision operations, without
invoking any vision–language or large language
models. This evaluation directly extracts and com-
pares digit placements against ground-truth solu-
tions, enabling fine-grained, reproducible, and cost-
free assessment of Sudoku-solving correctness.

Image Generation. We extract the complete
Sudoku grid from each generated image using opti-
cal character recognition (OCR) with PaddleOCR.
Each image is first preprocessed using adaptive
thresholding and denoising, then segmented into
equal-sized cells according to the grid resolution
(4×4 or 9×9). OCR is applied independently to
each cell, and recognized symbols are filtered to
retain only valid digits (1–9). The reconstructed
grid is evaluated against three references: the origi-
nal puzzle (to detect modifications to given clues),
the ground-truth solution (to assess correctness),
and standard Sudoku constraints (to verify valid-
ity). Based on this comparison, we compute three
core metrics: (1) Clues Changed, a binary indi-
cator that flags whether any pre-filled digits from
the original puzzle were altered (0 = no changes, 1
= at least one change); (2) Constraint Violation,

measured as the fraction of row, column, or subgrid
constraints that contain duplicate digits (0 = fully
valid); and (3) Completion Accuracy, defined as
the fraction of originally empty cells that are filled
correctly with respect to the ground-truth solution.
Since static images do not expose intermediate rea-
soning steps, action reflection is not applicable
in this setting. We aggregate these metrics into
an overall score (perfect solution score), which
equals 1 if and only if all correctness conditions
are simultaneously satisfied: no clues are changed,
no constraint violations occur, and completion ac-
curacy is perfect (1.0). Any deviation from these
requirements results in a score of 0. This strict
binary score enables direct comparison with VLM-
based judgments while preserving the determinism
and interpretability of OCR-based evaluation.

Video Generation. We extend the OCR-based
evaluation framework to the temporal domain by
performing frame-by-frame analysis. For each
video, we extract the maximum available frames
(192 frames at 24 fps for Veo-3, 360 frames for
Sora-2, and 120 frames for Wan-2.2) and apply
the same OCR pipeline to each frame, yielding a
sequence of intermediate Sudoku grid states that
represent the solving process over time. Evalua-
tion largely mirrors the image setting but incorpo-
rates temporal criteria. We compute: (1) Clues
Changed, which flags whether any original clues
are modified in any frame; (2) Constraint Viola-
tion, evaluated on the final frame to ensure the com-
pleted grid satisfies all Sudoku rules; and (3) Com-
pletion Accuracy, measured on the final frame
against the ground-truth solution. In addition, we
introduce a video-specific metric, (4) Action Re-
flection, which captures step-by-step reasoning be-
havior. This metric verifies that digits are filled
gradually rather than appearing all at once, by en-
forcing constraints on per-frame changes (average
≤3 cell updates per frame for 4×4, ≤5 for 9×9),
prohibiting mass updates in any single frame (no
more than 25% of cells changing simultaneously),
and requiring sustained activity (at least 20% of
frames exhibiting non-zero updates). The overall
score (perfect solution score) for videos is defined
identically to the image setting: it equals 1 if and
only if no clues are changed, no constraint viola-
tions are present in the final frame, and completion
accuracy is perfect; otherwise, the score is 0. While
not required for overall correctness, the action re-
flection metric provides additional insight into the
temporal reasoning dynamics of video generation.
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Table 10: Quantitative results for the Sudoku task using OCR-based evaluation method. We evaluate video
generative models (Veo-3, Sora-2, and Wan-2.2) and image generative models (Nano-banana, Nano-banana Pro,
GPT-4o-image, GPT-image-1.5, and Qwen-image) on two grid sizes (4×4, 9×9) and three difficulty levels (Easy,
Medium, and Hard). Because image outputs do not support frame-by-frame reasoning, action-reflection–based
metrics are omitted for image generative models (marked with “N/A”). The best results among video models are
highlighted with blue , and the best results among image models are highlighted with yellow .

Fine-grained Metrics Primary Metric

Model Clues Changed ↓ Constraints Violation ↓ Completion Accuracy ↑ Action Reflection ↑ Overall ↑
Grid Size: 4×4

Level: Easy
Video Models

Veo-3 80.40% 75.17% 28.49% 23.20% 0.00%
Sora-2 100.00% 64.80% 20.97% 22.45% 0.00%
Wan-2.2 100.00% 91.67% 5.68% 18.00% 0.00%

Image Models
Nano-banana 0.00% 26.93% 73.85% N/A 32.80%
Nano-banana Pro 0.00% 42.50% 87.35% N/A 14.00%
GPT-4o-image 0.00% 50.15% 57.63% N/A 7.00%
GPT-image-1.5 63.33% 32.06% 61.90% N/A 22.67%
Qwen-image 97.33% 95.72% 3.84% N/A 0.00%

Level: Medium
Video Models

Veo-3 86.00% 90.50% 25.47% 35.60% 0.00%
Sora-2 100.00% 59.52% 25.20% 33.33% 0.00%
Wan-2.2 100.00% 93.17% 7.49% 10.00% 0.00%

Image Models
Nano-banana 0.00% 35.97% 53.96% N/A 13.60%
Nano-banana Pro 0.00% 43.33% 85.62% N/A 10.00%
GPT-4o-image 0.00% 56.06% 41.47% N/A 0.75%
GPT-image-1.5 60.67% 37.39% 50.99% N/A 10.67%
Qwen-image 92.67% 99.22% 2.53% N/A 0.00%

Level: Hard
Video Models

Veo-3 90.80% 91.53% 26.02% 31.20% 0.00%
Sora-2 100.00% 61.41% 21.96% 32.61% 0.00%
Wan-2.2 100.00% 94.83% 11.91% 4.00% 0.00%

Image Models
Nano-banana 0.00% 49.87% 42.92% N/A 5.20%
Nano-banana Pro 0.00% 36.00% 86.86% N/A 18.00%
GPT-4o-image 0.00% 58.29% 36.80% N/A 0.25%
GPT-image-1.5 81.33% 39.11% 39.73% N/A 7.33%
Qwen-image 91.33% 99.28% 2.92% N/A 0.00%

Grid Size: 9×9
Level: Easy

Video Models
Veo-3 88.00% 99.91% 5.75% 92.40% 0.00%
Sora-2 100.00% 99.84% 6.63% 55.32% 0.00%
Wan-2.2 100.00% 100.00% 3.72% 96.00% 0.00%

Image Models
Nano-banana 0.00% 96.07% 15.70% N/A 0.00%
Nano-banana Pro 0.00% 55.22% 45.68% N/A 0.00%
GPT-4o-image 0.00% 87.25% 11.13% N/A 0.00%
GPT-image-1.5 100.00% 88.79% 13.18% N/A 0.00%
Qwen-image 97.33% 100.00% 0.11% N/A 0.00%

Level: Medium
Video Models

Veo-3 84.40% 99.94% 6.70% 94.00% 0.00%
Sora-2 100.00% 100.00% 6.92% 44.00% 0.00%
Wan-2.2 100.00% 100.00% 3.03% 68.00% 0.00%

Image Models
Nano-banana 0.00% 96.37% 13.70% N/A 0.00%
Nano-banana Pro 0.00% 53.58% 35.92% N/A 0.00%
GPT-4o-image 0.00% 85.93% 10.47% N/A 0.00%
GPT-image-1.5 100.00% 89.14% 11.96% N/A 0.00%
Qwen-image 92.67% 100.00% 0.11% N/A 0.00%

Level: Hard
Video Models

Veo-3 81.60% 99.99% 6.93% 86.40% 0.00%
Sora-2 100.00% 100.00% 5.32% 50.00% 0.00%
Wan-2.2 100.00% 100.00% 3.32% 50.00% 0.00%

Image Models
Nano-banana 0.00% 95.36% 13.12% N/A 0.00%
Nano-banana Pro 0.00% 59.88% 32.55% N/A 0.00%
GPT-4o-image 0.00% 86.25% 9.79% N/A 0.00%
GPT-image-1.5 100.00% 87.26% 12.81% N/A 0.00%
Qwen-image 91.33% 100.00% 0.08% N/A 0.00%

This evaluation framework remains fully determin-
istic, interpretable, and independent of language-
based reasoning models, while uniquely capturing
the procedural nature of video-based Sudoku solv-
ing.

Quantitative Evaluation Results. Table 10
presents the OCR-based evaluation results across
all models, grid sizes, and difficulty levels. The
most striking finding is the complete failure of all
models on 9×9 grids: every model—both video
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and image—achieves 0% overall score across all
difficulty levels. This reveals that current gener-
ative models fundamentally lack the capacity for
large-scale symbolic constraint satisfaction, regard-
less of generation modality.

Among video models, performance is uniformly
poor across all settings. All three models (Veo-3,
Sora-2, Wan-2.2) achieve 0% overall score on ev-
ery configuration, including the simplest 4×4 Easy
setting. The primary failure mode is clue modifi-
cation: Sora-2 and Wan-2.2 alter original clues in
100% of cases across all conditions, while Veo-3
shows slightly lower but still severe rates (80–91%).
Even when clues are partially preserved, constraint
violation rates remain extremely high (59–100%),
and completion accuracy stays below 28% for 4×4
and below 7% for 9×9. Notably, video models
exhibit high action reflection scores on 9×9 grids
(Veo-3: 86–94%, Wan-2.2: 50–96%), indicating
that they produce visually coherent step-by-step an-
imations—yet these animations are logically mean-
ingless, as the underlying digit placements violate
nearly all Sudoku constraints.

Among image models, Nano-banana and Nano-
banana Pro demonstrate substantially stronger per-
formance on 4×4 puzzles. Both models achieve
0% clue change rates across all conditions, indicat-
ing perfect preservation of input constraints. On
4×4 Easy, Nano-banana achieves the highest over-
all score of 32.80%, with Nano-banana Pro fol-
lowing at 14.00%. Interestingly, Nano-banana Pro
exhibits higher completion accuracy (85–87%) but
lower overall success, suggesting it fills more cells
but with subtle constraint violations that disqualify
solutions under strict evaluation. GPT-4o-image
maintains clue integrity but suffers from higher
constraint violation rates (50–58%), limiting over-
all success to 0.25–7%. GPT-image-1.5 presents
a paradoxical case: despite high clue modification
rates (60–81% on 4×4), it achieves meaningful
overall success (22.67% Easy, 10.67% Medium,
7.33% Hard)—the second-best performance among
image models. However, on 9×9 grids, GPT-
image-1.5 fails completely with 100% clue mod-
ification and 0% overall, revealing that its 4×4
success relies on strategies that do not scale. Qwen-
image fails catastrophically due to near-universal
clue modification (91–97%), resulting in 0% over-
all across all settings.

The 4×4 to 9×9 transition exposes a fundamen-
tal scaling limitation. Even the best-performing
image models (Nano-banana, Nano-banana Pro)

collapse entirely on 9×9 grids, with constraint vi-
olation rates jumping from 27–50% to 53–96%.
Completion accuracy drops correspondingly from
42–87% to 10–46%. GPT-image-1.5 exhibits the
most dramatic scaling failure: from 22.67% overall
success on 4×4 Easy to 0% on all 9×9 configura-
tions, with clue modification rates jumping from
63% to 100%. This precipitous decline suggests
that models capable of local constraint satisfaction
on small grids cannot generalize to the global co-
ordination required for larger puzzles. The 9×9
Sudoku demands simultaneous satisfaction of 27
constraints (9 rows, 9 columns, 9 boxes), each
spanning 9 cells—a combinatorial challenge that
exceeds current generative models’ reasoning ca-
pacity.

Compared to VLM-based evaluation, the OCR-
based pipeline reveals substantially lower perfor-
mance across all models. The stricter, determinis-
tic evaluation criteria—requiring exact digit recog-
nition and perfect constraint satisfaction—expose
failure modes that VLM-based assessment may
overlook due to visual ambiguity or lenient judg-
ment. These results reinforce our conclusion that
current generative models, despite producing vi-
sually plausible outputs, lack genuine symbolic
reasoning capabilities for complex constraint satis-
faction tasks.

Failure Modes Analysis. We analyze the
OCR-based evaluation data to identify systematic
failure patterns across all models. Our analysis
reveals three primary failure modes: (1) Clue
Modification, (2) Constraint Violation Cascades,
and (3) Scaling Collapse. Clue Modification.
Video models exhibit severe clue modification
rates: Sora-2 and Wan-2.2 modify original clues in
100% of all cases, while Veo-3 shows marginally
better preservation with 85–91% clue modification
rates. Frame-by-frame analysis of Veo-3’s 4×4
outputs reveals an average of 91.3 clue changes per
video affecting 34.5 frames—indicating that clue
modifications accumulate progressively through
generation rather than occurring as isolated errors.
A single clue position may be modified repeatedly
across multiple frames (e.g., position [1,2] altered
in 28 consecutive frames), demonstrating temporal
instability rather than deliberate correction.
Among image models, Nano-banana, Nano-banana
Pro, and GPT-4o-image achieve 100% clue
preservation across all conditions, demonstrating
that static generation avoids the temporal drift
inherent to video synthesis. GPT-image-1.5
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This evaluation file analyzes a video of a 4x4 easy Sudoku puzzle solving attempt 
(sudoku_easy_4x4_000.mp4), which is an 8-second, 192-frame video recorded at 24fps. 

The solving attempt performed extremely poorly across all metrics, achieving an overall score of 0: it 
violated the fundamental Sudoku rules with a 91.67% constraint violation rate (including duplicate 
numbers in rows, columns, and boxes), failed to correctly fill any of the 7 originally empty cells (0% 
completion accuracy with 3 incorrect fills and 4 cells left empty), inappropriately changed clues at 
position [1,3] from 2 to 7 across three frames (62-64), and showed minimal solving activity with only 
6 frames containing changes out of 65 analyzed frames. 

The evaluation tracked detailed frame-by-frame changes, revealing that the solver made several 
erroneous moves including incorrectly placing values and later changing them, ultimately failing to 
produce a valid or complete solution.

First Frame Produced by Veo-3

First Frame Produced by Veo-3

This evaluation file reveals a severely flawed 9x9 easy Sudoku solving attempt 
(sudoku_easy_9x9_050.mp4) that achieved an overall score of 0 despite showing high activity levels. 

The most critical issue was the massive violation of Sudoku's fundamental rule: the solver illegally 
modified 168 clue instances across multiple positions ([5,5], [1,1], [0,1], [2,2], [3,6], [3,7], [5,8]), 
with some clues being repeatedly changed across frames 17-64, demonstrating a fundamental 
misunderstanding of which cells were editable. The solving produced a completely invalid grid with 
a 100% constraint violation rate, meaning zero valid rows, columns, or boxes (all 27 constraints 
failed with various duplicate numbers), and achieved only 4.44% completion accuracy by correctly 
filling just 2 of the 45 originally empty cells while incorrectly filling 17 and leaving 26 empty. 

Interestingly, the action reflection score was 1 (the highest), indicating the solver did show gradual 
step-by-step reasoning across 42 frames with an average of 1.02 changes per frame, but this 
activity was completely misguided as it violated the puzzle's immutable clues, resulting in a 
fundamentally broken and unsolvable final state.

Figure 11: OCR-based evaluation of sudoku-solving video generation (Veo-3).

presents an intermediate case: it modifies clues at
high rates on 4×4 grids (60–81%) yet still achieves
meaningful overall success, suggesting it may
employ a different solving strategy that involves
reinterpreting the input puzzle. On 9×9 grids,
GPT-image-1.5’s clue modification reaches 100%,
matching the worst-performing models. Qwen-
image exhibits catastrophic clue modification
(91–97% modification rate), with analysis showing
56–70% of cells remain unfilled, suggesting funda-
mental generation failures. Constraint Violation
Cascades. Even when clues are preserved, models
fail to satisfy Sudoku’s constraint structure. On
4×4 grids, Nano-banana achieves 38.8% perfect
constraint rate on Easy puzzles, dropping to
26.4% on Medium and 12.0% on Hard—a +22.9
percentage point increase in constraint violations
as difficulty increases. GPT-4o-image shows a
similar pattern: constraint violation rates rise
from 50.1% (Easy) to 58.3% (Hard). Video
models exhibit even more severe violations: Veo-3
averages 85.7% constraint violation on 4×4,
Sora-2 reaches 62.5%, and Wan-2.2 reaches 93.2%.
Detailed violation analysis across 2,513 constraint
failures in Nano-banana’s 4×4 outputs reveals the
breakdown: column violations (40.6%) occur most
frequently, followed by box violations (33.4%)
and row violations (25.9%)—suggesting that
vertical dependencies are harder to maintain than
horizontal ones. On 9×9 grids, no model achieves
a single instance of perfect constraint satisfaction:
violation rates reach 99.9–100% across all video

models and 96–100% for image models. Notably,
Veo-3 generates out-of-range digits in 16.8%
of 4×4 videos (185 out of 3,028 incorrect cells
contain digits >4 or <1), revealing that constraint
internalization fails at the most fundamental level.
Scaling Collapse. The transition from 4×4 to
9×9 reveals a fundamental scaling limitation.
Nano-banana’s success rate drops from 32.8%
(4×4 Easy) to 0% (9×9 Easy); GPT-4o-image falls
from 7.0% to 0%; GPT-image-1.5 collapses from
22.67% to 0%; and video models, already at 0% on
4×4, remain at 0%. Completion accuracy exhibits
similar collapse across all models: Nano-banana
drops from 73.9% to 15.7% (4.7× degradation),
Nano-banana Pro from 87.3% to 45.7% (1.9×),
GPT-4o-image from 57.6% to 11.1% (5.2×),
GPT-image-1.5 from 61.9% to 13.2% (4.7×), and
Qwen-image from 3.8% to 0.1% (38×). Video
models show comparable patterns: Veo-3 drops
from 26.7% to 6.5% completion accuracy, Sora-2
from 22.1% to 6.6%, and Wan-2.2 from 8.4% to
3.4%. This universal degradation indicates that
models capable of local pattern matching on small
grids cannot generalize to the global coordination
required for larger puzzles. The 9×9 Sudoku de-
mands simultaneous satisfaction of 27 constraints
spanning 81 cells—a combinatorial complexity
that exceeds current generative models’ reasoning
capacity, regardless of generation modality.
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E Abstraction and Reasoning Corpus
(ARC)

We evaluate models on the ARC task, a bench-
mark designed to measure Abstract Reasoning,
Pattern Recognition, and Rule Induction (Chol-
let, 2019). ARC probes a model’s ability to infer
latent transformation rules from a small set of in-
put–output examples and to apply those rules to
unseen test cases—an ability central to fluid intel-
ligence. Unlike tasks with explicit instructions or
predefined rule sets, ARC demands that the model
autonomously identify and generalize the underly-
ing visual and structural principles governing each
puzzle. As a result, the task jointly tests 2D spatial
reasoning (interpreting grid-based patterns) and
logical reasoning (deducing and executing abstract
transformations).

E.1 Hard-Level Control
To construct a diverse and controllable evaluation
suite, we build on the open-source ARC bench-
mark (Chollet, 2019). Our final dataset comprises
456 tasks drawn from two benchmark versions:

• ARC v1 (381 tasks): The publicly re-
leased training set from the original bench-
mark, encompassing a wide variety of pattern-
transformation and abstract reasoning prob-
lems.

• ARC v2 (75 tasks): Newly added tasks that
introduce novel pattern families and higher
structural complexity, expanding the bench-
mark’s coverage.

This combined set provides broad coverage of
transformation types while introducing sufficient
novelty and difficulty for rigorous model evalua-
tion. All tasks undergo manual curation to ensure
clean pattern design, consistent formatting, and
unambiguous transformation rules. Collectively,
the benchmark spans a wide spectrum of transfor-
mation categories—including symmetry, rotation,
scaling, color manipulation, and object-level rea-
soning—capturing the core abstractions and rea-
soning skills fundamental to ARC-style tasks.3

E.1.1 Two-Level Classification System
To enable fine-grained analysis of model capabili-
ties, we classify all cases along two dimensions:

3Additional examples are available in the official repos-
itories: https://github.com/fchollet/ARC, https://
github.com/michaelhodel/re-arc, and the automated
generation toolkit: https://github.com/google/ARC-GEN.

Level 1: Shape Consistency Classification. We
categorize each case based on whether the input
and output grids maintain the same spatial structure:

• Match (316 cases): The output grid has the
same dimensions as the input grid. Trans-
formations occur “in-place” through color
changes, pattern filling, or local modifications.
Examples include color replacement, symme-
try completion, and pattern extension within
fixed boundaries.

• Mismatch (140 cases): The output grid di-
mensions differ from the input. These cases
require spatial restructuring, such as cropping,
extraction of sub-patterns, grid concatenation,
or shape reconstruction. These are generally
more challenging as they demand explicit un-
derstanding of spatial relationships beyond
simple transformations.

Level 2: Quantitative Difficulty Classification.
Within each shape-consistency category, we fur-
ther assign each case to one of three difficulty lev-
els—Easy, Medium, or Hard—based on five quan-
titative grid-level features:

1. Grid Size (minimum side length): < 8 cells
→ score 0; 8-15 cells → score 1; ≥ 16 cells
→ score 2.

2. Color Count (distinct colors in input): ≤ 3
→ score 0; 4-6→ score 1; ≥ 7→ score 2.

3. Object Count (distinct connected compo-
nents): ≤ 4→ score 0; 5-10→ score 1; > 10
→ score 2.

4. Occupancy Ratio (non-background cells / to-
tal cells): ≤ 0.25 → score 0; (0.25, 0.55] →
score 1; > 0.55→ score 2.

5. ∆IO (grid change ratio, for Match cases only):
≤ 0.2→ score 0; (0.2, 0.5]→ score 1; > 0.5
→ score 2. For Mismatch cases, this feature
is not applicable.

A case’s overall difficulty is determined by sum-
ming the applicable feature scores. For Match
cases (5 features): Easy ≤ 3, Medium 4–6, Hard
≥ 7. For Mismatch cases (4 features): Easy
≤ 2, Medium 3–4, Hard ≥ 5. Table 11 reports the
full distribution across categories. Figure 12 and
Figure 13 present some selected examples.
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Table 11: Distribution of 456 ARC cases across shape consistency and difficulty levels, separated by v1 and v2.
Percentages indicate the proportion within each shape consistency group for the corresponding benchmark version.

Version Shape Consistency Easy Medium Hard Total

V1 Match 102 (38.8%) 124 (47.1%) 37 (14.1%) 263
Mismatch 34 (28.8%) 57 (48.3%) 27 (22.9%) 118
Total 136 181 64 381

V2 Match 1 (1.9%) 27 (50.9%) 25 (47.2%) 53
Mismatch / 7 (31.8%) 15 (68.2%) 22
Total 1 34 40 75

Overall Match 103 (31.0%) 151 (45.4%) 62 (23.6%) 316
Mismatch 34 (25.0%) 64 (45.7%) 42 (29.3%) 140
Total 137 (30.0%) 215 (47.1%) 104 (22.8%) 456

ARC-AGI V1

Match, Easy Match, Medium Match, Hard Mismatch, HardMismatch, Easy Mismatch, Medium

Figure 12: Examples from ARC v1, illustrating both Match and Mismatch tasks across three difficulty levels: Easy,
Medium, and Hard.

ARC-AGI V2

Match, Easy Match, Medium Match, Hard Mismatch, HardMismatch, Medium

Figure 13: Examples from ARC v2, illustrating both Match and Mismatch tasks across three difficulty levels: Easy,
Medium, and Hard.

E.2 Evaluation and Metrics

We evaluate both video and image outputs using
a Vision-Language Model (VLM)–based evalua-
tor, Gemini-2.5 Pro (Comanici et al., 2025). The
evaluator takes four inputs: (i) the demonstration
examples, (ii) the test input, (iii) the ground-truth
output, and (iv) the generated video or image. Us-
ing these inputs, the VLM determines whether the
predicted transformation is correct and identifies

errors in pattern recognition, structural consistency,
and rule application.

From the evaluator’s structured responses, we
compute one primary metric and three fine-grained
diagnostic metrics:

• Pattern Recognition: 1 if the evaluator con-
firms that the model successfully identifies
the transformation pattern from the demon-
strations; 0 otherwise.
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• Grid Integrity: 1 if the generated output pre-
serves the correct grid dimensions and struc-
tural layout; 0 if the grid is distorted or mis-
aligned.

• Color Accuracy: 1 if all colors are applied
correctly according to the transformation rule;
0 otherwise.

• Valid Solution (Primary Metric): 1 only
if the generated output exactly matches the
ground-truth solution; 0 otherwise.

E.3 Case Study

The case studies presented in Figure 14a and Fig-
ure 14b highlight a significant failure mode in video
generation models applied to abstract reasoning
tasks: the inability to maintain temporal consis-
tency for static information. In both instances,
the model fails to distinguish between the invariant
problem context (the “EXAMPLES” E1-E4) and
the dynamic solution generation (the “TEST” T1).
As the video progresses from Frame 1 to Frame 4,
the demonstration examples—which should remain
strictly fixed to define the logic of the task—suffer
from severe hallucinations, including unintended
color shifts, pattern deformations, and progressive
structural degradation (such as the complete era-
sure of grid contents in Figure 14b). This “drift”
suggests that the model treats the entire visual field
as a mutable video sequence rather than respecting
the logical constraints of the prompt, ultimately un-
dermining the reasoning process by destabilizing
the very ground truth required to solve the puzzle.

E.4 Evaluation Results

Key Finding: The Abstract Reasoning Divide
and Temporal Instability. Our evaluation reveals
two critical insights about abstract visual reason-
ing. First, a fundamental modality gap: in the
final task-level score, Nano-banana Pro leads at
28.07%, followed by GPT-image-1.5 at 12.72%,
while the strongest video model, Sora-2, reaches
11.67%. Second, a temporal consistency failure:
video models struggle to maintain static demonstra-
tion examples, leading to “context drift” where the
problem definition itself becomes corrupted during
generation. These failures reveal that current video
models cannot reliably execute abstract transfor-
mations despite occasionally producing visually
plausible outputs.

E.4.1 VLM-Based Evaluation
Overall Performance Patterns. The final task-
level scores in Table 12 establish the main hierarchy
across ARC: Nano-banana Pro leads at 28.07%,
GPT-image-1.5 reaches 12.72%, and Sora-2 is the
strongest video model at 11.67%. Table 13 and
Table 14 should be read as diagnostic split analyses
from the original fine-grained run. They show that
Nano-banana Pro remains stable across v1 and v2,
while Sora-2’s strong v1 behavior does not transfer
to v2, exposing brittleness under distribution shift.

The Modality Gap. The results reveal a fun-
damental divide between image and video gener-
ation paradigms (Tables 12 to 14). In final task-
level scoring, the best image model outperforms
the best video model by more than 2× (28.07% vs.
11.67%). The diagnostic v1 split also reveals an
important anomaly: Sora-2 achieves very high Pat-
tern Recognition and Grid Integrity, yet still trails
Nano-banana Pro on overall correctness. This sug-
gests that video models can perceive patterns and
maintain structure but fail at the final integration
step: translating partial understanding into exact
grid solutions. The gap amplifies on v2, where
Nano-banana Pro remains stable while Sora-2 col-
lapses from 20.18% to 1.33%, revealing limited
generalization beyond familiar transformation pat-
terns.

Dataset Difficulty Progression. Performance
stratification by difficulty level (shown in Tables 16
and 18) reveals distinct scaling behaviors across
model types:

• Nano-banana Pro (Robust Stability): Main-
tains remarkable consistency across Easy
(30.89%), Medium (30.39%), and Hard
(30.23%) cases. Grid Integrity shows only
modest degradation (86.18% → 86.74% →
77.91%), confirming that this model has in-
ternalized abstract transformation rules rather
than relying on surface-level pattern match-
ing.

• Sora-2 (Difficulty-Sensitive Collapse): Ex-
hibits pronounced degradation from Easy
(22.22%) to Medium (16.33%) to Hard
(10.64%). Notably, Pattern Recognition drops
from 76.07% to 40.43%, indicating that video
models lose the ability to identify transforma-
tion rules as complexity increases.

• Veo-3 (Consistent Underperformance): Re-
mains stagnant around 5% across all difficulty
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Frame 1 Frame 2 Frame 3 Frame 4

Failure: Change Examples

(a) Inconsistent demonstration examples across video frames. The model fails to maintain the static demon-
stration inputs (E1–E4), with colors and patterns changing between frames. This behavior reflects a critical
failure to preserve the given problem context.

Frame 1 Frame 2 Frame 3 Frame 4

Failure: Change Examples

(b) Progressive transformation of example demonstrations across frames. The examples (E1–E4) undergo
unintended color and pattern evolution from Frame 1 to Frame 4, indicating a lack of temporal consistency in
preserving the demonstration context during solution generation.

Figure 14: Failure cases generated by Veo-3 on ARC showing violation of static demonstration preservation. In both
examples, the model fails to keep the input demonstrations unchanged through time, illustrating a key breakdown in
temporal consistency for reasoning-based video generation.

levels, with Grid Integrity showing steady de-
cline (39.66% → 32.40% → 24.04%). This
suggests that Veo-3’s failures are systematic
rather than difficulty-dependent.

Shape Consistency Analysis. Comparing

Match cases (same input/output dimensions)
against Mismatch cases (different dimensions)
across ARC v1 and v2 reveals distinct model be-
haviors (shown in Table 15 and Table 17):

• The Inverse Pattern (v1 vs. v2): In v1, both
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Table 12: Final task-level results for the ARC task. Scores match the ARC row in Table 4; subsequent v1/v2 tables
provide diagnostic split analyses rather than the final aggregation.

Model Type Final score ↑
Veo-3 Video 4.80%
Sora-2 Video 11.67%
Wan-2.2 Video 0.15%

Nano-banana Image 8.15%
Nano-banana Pro Image 28.07%
GPT-4o-image Image 0.00%
GPT-image-1.5 Image 12.72%
Qwen-image Image 2.15%

Table 13: Diagnostic quantitative results for the ARC v1 split (381 cases). This table reports the original fine-grained
v1 breakdown and is not the final task-level aggregation in Table 12.

Fine-grained Metrics Primary Metric

Model Pattern Recog. ↑ Grid Integrity ↑ Color Accuracy ↑ Overall ↑
Video Models

Veo-3 17.32% 32.98% 8.22% 5.16%
Sora-2 71.99% 94.58% 36.75% 20.18%
Wan-2.2 0.61% 13.04% 0.17% 0.17%

Image Models
Nano-banana 28.42% 55.79% 12.63% 9.21%
Nano-banana Pro 61.98% 84.73% 40.42% 30.54%
GPT-4o-image 1.05% 10.24% 0.52% 0.00%
Qwen-image 1.31% 4.46% 0.52% 0.52%

Table 14: Diagnostic quantitative results for the ARC v2 split (75 cases). This table reports the original fine-grained
v2 breakdown and is not the final task-level aggregation in Table 12.

Fine-grained Metrics Primary Metric

Model Pattern Recog. ↑ Grid Integrity ↑ Color Accuracy ↑ Overall ↑
Video Models

Veo-3 17.78% 31.11% 6.22% 4.00%
Sora-2 4.00% 16.00% 1.33% 1.33%
Wan-2.2 0.00% 5.78% 0.00% 0.00%

Image Models
Nano-banana 18.67% 42.67% 8.00% 2.67%
Nano-banana Pro 62.50% 83.93% 44.64% 30.36%
GPT-4o-image 1.33% 2.67% 1.33% 0.00%
Qwen-image 1.33% 5.33% 1.33% 1.33%

Sora-2 and the base Nano-banana model per-
form better on Mismatch cases than Match
cases (Sora-2: 24.58% vs 17.76%; Nano-
banana: 11.02% vs 8.40%). This suggests
these models may leverage visual restructur-
ing effectively when dimensions shift. How-
ever, this advantage disappears in the more
complex v2, where Sora-2 collapses to 0.00%
on Mismatch cases.

• Nano-banana Pro Stability: Demonstrates
the most robust handling of transformation
types. In v1, it maintains high stability
(31.54% Match vs 27.96% Mismatch). In
v2, while it remains the top performer, it ex-
hibits a clearer preference for Match cases

(33.33%) over Mismatch (21.43%), indicating
that increased task complexity reintroduces
the expected difficulty penalty for dimension
changes.

• Model-Specific Difficulty Curves: Other
models show varied sensitivity to grid con-
sistency. Veo-3 displays mixed behav-
ior—dropping slightly in v1 (5.70% to 3.95%)
but surprisingly improving on Mismatch in
v2 (3.77% to 4.55%), potentially due to low
sample variance. Conversely, image models
like Qwen-image consistently struggle with
Mismatch tasks, collapsing to near-zero per-
formance across both datasets.

Dimensionality-Difficulty Interaction. A gran-
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Table 15: Diagnostic quantitative breakdown results (Match and Mismatch) for the ARC v1 task (381 cases). We
compare the performance of video generative models (Veo-3, Sora-2, and Wan-2.2) and image generative models
(Nano-banana, Nano-banana Pro, GPT-4o-image, and Qwen-image).

Fine-grained Metrics Primary Metric

Model / Category Pattern Recog. ↑ Grid Integrity ↑ Color Accuracy ↑ Overall ↑
Video Models

Veo-3
Match 17.74% 35.74% 9.51% 5.70%
Mismatch 16.38% 26.84% 5.37% 3.95%

Sora-2
Match 67.29% 93.46% 35.05% 17.76%
Mismatch 80.51% 96.61% 39.83% 24.58%

Wan-2.2
Match 0.51% 13.31% 0.00% 0.00%
Mismatch 0.85% 12.43% 0.56% 0.56%

Image Models
Nano-banana

Match 24.05% 53.82% 11.07% 8.40%
Mismatch 38.14% 60.17% 16.10% 11.02%

Nano-banana Pro
Match 62.24% 89.63% 42.74% 31.54%
Mismatch 61.29% 72.04% 34.41% 27.96%

GPT-4o-image
Match 0.38% 9.51% 0.76% 0.00%
Mismatch 2.54% 11.86% 0.00% 0.00%

Qwen-image
Match 0.76% 4.56% 0.76% 0.76%
Mismatch 2.54% 4.24% 0.00% 0.00%

ular intersectional analysis of difficulty and grid
consistency (shown in Table 16 and Table 18) ex-
poses a paradox in video model behavior distinct
from standard scaling laws:

• The Sora-2 Anomaly (Hard Case Inver-
sion): On v1 Hard cases, Sora-2 displays a
highly anomalous inverted profile, achieving
nearly 4× higher accuracy on Mismatch tasks
(29.63%) compared to Match tasks (7.41%).
Fine-grained metrics reveal this is not a struc-
tural failure—Grid Integrity remains identi-
cal (96.30%) across both categories. Instead,
the collapse is driven by Color Accuracy,
which plummets to 18.52% on Match com-
pared to 44.44% on Mismatch. This implies
video models struggle to execute complex
pixel-level color transformations when con-
strained to a fixed canvas, but recover capabil-
ity when generating new spatial structures.

• Nano-banana Pro (Logical Scaling): In con-
trast, the leading image model exhibits ex-
pected difficulty scaling. It consistently per-
forms better on Match (fixed-dimension) tasks
than Mismatch (dynamic-dimension) tasks
across all difficulty levels (e.g., v1 Hard Match
37.14% vs. Hard Mismatch 27.27%), con-
firming a stable, dimension-agnostic reason-
ing core.

• Brittleness of the Generative Advantage:

Sora-2’s “generative advantage” on Mismatch
tasks proves brittle. On the v2 benchmark,
the anomaly vanishes entirely: Sora-2 col-
lapses to 0.00% on Hard Mismatch cases,
while Nano-banana Pro maintains robust ca-
pability (22.22%). This reinforces that while
video models may occasionally exploit spatial
restructuring, they lack the robust generaliza-
tion of their image-based counterparts.

Metric Cascade and Bottlenecks. The four
evaluation metrics form a consistent funnel where
success becomes progressively more restrictive.
For Nano-banana on v1: Grid Integrity (55.79%)
→ Pattern Recognition (28.42%) → Color Accu-
racy (12.63%) → Overall (9.21%). This cascade
reveals that approximately 51% of structurally cor-
rect outputs achieve pattern recognition, 44% of
those achieve color accuracy, and 73% of color-
accurate outputs reach full correctness. Color Ac-
curacy emerges as the critical bottleneck, repre-
senting only 20–25% of Grid Integrity performance
across all models. This bottleneck is most severe
for GPT-4o-image: despite achieving 10.24% Grid
Integrity, it manages only 0.52% Color Accuracy,
resulting in 0.00% overall success. The cascade pat-
tern suggests that models can learn structural rules
but struggle with precise color-based execution.

Version Comparison. The transition from v1
to v2 exposes model robustness to novel pattern
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Table 16: Diagnostic quantitative breakdown results for the ARC v1 task (381 cases) across different difficulty
levels (Easy, Medium, and Hard). We compare the performance of video generative models (Veo-3, Sora-2, and
Wan-2.2) and image generative models (Nano-banana, Nano-banana Pro, GPT-4o-image, and Qwen-image).

Fine-grained Metrics Primary Metric

Model / Difficulty Pattern Recog. ↑ Grid Integrity ↑ Color Accuracy ↑ Overall ↑
Veo-3: Match

Easy 18.95% 40.52% 11.76% 5.88%
Medium 17.74% 35.48% 8.06% 5.65%
Hard 14.41% 23.42% 8.11% 5.41%

Veo-3: Mismatch
Easy 19.61% 37.25% 6.86% 4.90%
Medium 14.04% 23.39% 5.26% 3.51%
Hard 17.28% 20.99% 3.70% 3.70%

Sora-2: Match
Easy 73.17% 90.24% 42.68% 19.51%
Medium 63.81% 95.24% 33.33% 19.05%
Hard 62.96% 96.30% 18.52% 7.41%

Sora-2: Mismatch
Easy 85.29% 91.18% 41.18% 29.41%
Medium 80.70% 100.00% 36.84% 19.30%
Hard 74.07% 96.30% 44.44% 29.63%

Wan-2.2: Match
Easy 0.00% 16.34% 0.00% 0.00%
Medium 0.54% 12.37% 0.00% 0.00%
Hard 1.80% 8.11% 0.00% 0.00%

Wan-2.2: Mismatch
Easy 0.00% 17.65% 0.00% 0.00%
Medium 1.75% 9.36% 1.17% 1.17%
Hard 0.00% 12.35% 0.00% 0.00%

Nano-banana: Match
Easy 27.45% 56.86% 13.73% 8.82%
Medium 20.33% 50.41% 8.13% 7.32%
Hard 27.03% 56.76% 13.51% 10.81%

Nano-banana: Mismatch
Easy 47.06% 85.29% 11.76% 11.76%
Medium 35.09% 52.63% 19.30% 10.53%
Hard 33.33% 44.44% 14.81% 11.11%

Nano-banana Pro: Match
Easy 62.77% 90.43% 45.74% 31.91%
Medium 60.71% 89.29% 37.50% 29.46%
Hard 65.71% 88.57% 51.43% 37.14%

Nano-banana Pro: Mismatch
Easy 60.71% 71.43% 35.71% 25.00%
Medium 65.12% 74.42% 37.21% 30.23%
Hard 54.55% 68.18% 27.27% 27.27%

GPT-4o-image: Match
Easy 0.98% 10.78% 1.96% 0.00%
Medium 0.00% 11.29% 0.00% 0.00%
Hard 0.00% 0.00% 0.00% 0.00%

GPT-4o-image: Mismatch
Easy 0.00% 11.76% 0.00% 0.00%
Medium 1.75% 10.53% 0.00% 0.00%
Hard 7.41% 14.81% 0.00% 0.00%

Qwen-image: Match
Easy 0.98% 5.88% 0.98% 0.98%
Medium 0.00% 3.23% 0.00% 0.00%
Hard 2.70% 5.41% 2.70% 2.70%

Qwen-image: Mismatch
Easy 2.94% 2.94% 0.00% 0.00%
Medium 3.51% 7.02% 0.00% 0.00%
Hard 0.00% 0.00% 0.00% 0.00%

families:

• Dramatic Video Model Collapse: Sora-2
drops from 20.18% to 1.33% (93% decline),
while Nano-banana drops from 9.21% to
2.67% (71% decline). Nano-banana Pro re-
mains stable (30.54% → 30.36%).

• Dataset Composition Effects: v2 skews

harder, containing only 1 Easy Match case
versus 102 in v1. The difficulty distribution
shift disproportionately penalizes models that
rely on memorized patterns.

• Grid Integrity Preservation: Interestingly,
Veo-3 maintains similar Grid Integrity across
versions (32.98% v1, 31.11% v2) despite
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Table 17: Diagnostic quantitative breakdown results (Match and Mismatch) for the ARC v2 task (75 cases). We
compare the performance of video generative models (Veo-3, Sora-2, and Wan-2.2) and image generative models
(Nano-banana, Nano-banana Pro, GPT-4o-image, and Qwen-image).

Fine-grained Metrics Primary Metric

Model / Category Pattern Recog. ↑ Grid Integrity ↑ Color Accuracy ↑ Overall ↑
Video Models

Veo-3
Match 17.61% 32.08% 6.92% 3.77%
Mismatch 18.18% 28.79% 4.55% 4.55%

Sora-2
Match 5.66% 18.87% 1.89% 1.89%
Mismatch 0.00% 9.09% 0.00% 0.00%

Wan-2.2
Match 0.00% 4.40% 0.00% 0.00%
Mismatch 0.00% 9.09% 0.00% 0.00%

Image Models
Nano-banana

Match 18.87% 45.28% 11.32% 3.77%
Mismatch 18.18% 36.36% 0.00% 0.00%

Nano-banana Pro
Match 64.29% 88.10% 50.00% 33.33%
Mismatch 57.14% 71.43% 28.57% 21.43%

GPT-4o-image
Match 0.00% 1.89% 0.00% 0.00%
Mismatch 4.55% 4.55% 4.55% 0.00%

Qwen-image
Match 1.89% 5.66% 1.89% 1.89%
Mismatch 0.00% 4.55% 0.00% 0.00%

failing on the primary metric, suggesting it
can preserve structure without understanding
transformation semantics.

E.4.2 Key Findings and Implications
Three critical insights emerge from the ARC eval-
uation, revealing fundamental limitations in how
current generative models approach abstract visual
reasoning.

1. The Temporal Consistency Barrier. A defin-
ing failure mode of video generation on ARC is the
inability to maintain static context. As illustrated
in Figure 14a and Figure 14b, video models fail to
distinguish between invariant problem context (the
demonstration examples E1–E4) and the dynamic
solution generation (test output T1). Demonstra-
tion examples—which should remain strictly fixed
to define the transformation logic—undergo pro-
gressive hallucination: color shifts, pattern defor-
mations, and structural degradation across frames.
This “context drift” effectively corrupts the prob-
lem definition itself, undermining any chance of
correct solution generation. The implication is
clear: current video architectures treat the entire
visual field as a mutable sequence rather than re-
specting logical invariants, making them fundamen-
tally unsuited for reasoning tasks that require stable
reference points.

2. The Perception-Execution Gap. The metric
cascade analysis reveals a systematic disconnect

between pattern perception and precise execu-
tion. Models frequently achieve reasonable Pattern
Recognition (up to 71.99% for Sora-2) and Grid
Integrity (up to 94.58%) scores, yet fail catastroph-
ically on Overall accuracy. This suggests that cur-
rent generative models can see the transformation
pattern but cannot execute it correctly. The bottle-
neck consistently occurs at Color Accuracy, where
performance drops to 20–25% of Grid Integrity
levels. This perception-execution gap implies that
models may learn to recognize visual patterns with-
out internalizing the precise symbolic rules gov-
erning color assignment—a fundamental limitation
for tasks requiring exact constraint satisfaction.

3. The Robustness-Memorization Trade-off.
The diagnostic collapse from v1 to v2—particularly
Sora-2’s 93% relative decline—exposes a critical
reliance on memorized patterns rather than gen-
eralizable reasoning. In contrast, Nano-banana
Pro’s stability across the split (30.54% → 30.36%)
demonstrates that image-based generation can
achieve more robust abstract reasoning. This di-
chotomy suggests that video models may be over-
fitting to temporal motion patterns in training data
rather than learning the underlying transformation
logic. For ARC specifically, where novel pattern
families are explicitly designed to defeat memoriza-
tion, this limitation is fatal. The finding has broader
implications: video generation architectures may
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Table 18: Diagnostic quantitative breakdown results for the ARC v2 task (75 cases) across different difficulty levels
(Easy, Medium, and Hard). We compare the performance of video generative models (Veo-3, Sora-2, and Wan-2.2)
and image generative models (Nano-banana, Nano-banana Pro, GPT-4o-image, and Qwen-image). * The Easy level
of ARC v2 contains only one evaluation case; therefore, a model solving this case correctly achieves a 100% score.

Fine-grained Metrics Primary Metric

Model / Difficulty Pattern Recog. ↑ Grid Integrity ↑ Color Accuracy ↑ Overall ↑
Veo-3: Match

Easy 0.00% 33.33% 0.00% 0.00%
Medium 20.99% 34.57% 8.64% 6.17%
Hard 14.67% 29.33% 5.33% 1.33%

Veo-3: Mismatch
Medium 23.81% 42.86% 4.76% 4.76%
Hard 15.56% 22.22% 4.44% 4.44%

Sora-2: Match
Easy 0.00% 0.00% 0.00% 0.00%
Medium 7.41% 22.22% 3.70% 3.70%
Hard 4.00% 16.00% 0.00% 0.00%

Sora-2: Mismatch
Medium 0.00% 28.57% 0.00% 0.00%
Hard 0.00% 0.00% 0.00% 0.00%

Wan-2.2: Match
Easy 0.00% 33.33% 0.00% 0.00%
Medium 0.00% 4.94% 0.00% 0.00%
Hard 0.00% 2.67% 0.00% 0.00%

Wan-2.2: Mismatch
Medium 0.00% 9.52% 0.00% 0.00%
Hard 0.00% 8.89% 0.00% 0.00%

Nano-banana: Match
Easy 100.00% 100.00% 100.00% 100.00%*
Medium 18.52% 55.56% 7.41% 0.00%
Hard 16.00% 32.00% 12.00% 4.00%

Nano-banana: Mismatch
Medium 42.86% 57.14% 0.00% 0.00%
Hard 6.67% 26.67% 0.00% 0.00%

Nano-banana Pro: Match
Easy 100.00% 100.00% 100.00% 100.00%*
Medium 66.67% 95.24% 61.90% 38.10%
Hard 60.00% 80.00% 35.00% 25.00%

Nano-banana Pro: Mismatch
Medium 80.00% 100.00% 40.00% 20.00%
Hard 44.44% 55.56% 22.22% 22.22%

GPT-4o-image: Match
Easy 0.00% 0.00% 0.00% 0.00%
Medium 0.00% 3.70% 0.00% 0.00%
Hard 0.00% 0.00% 0.00% 0.00%

GPT-4o-image: Mismatch
Medium 0.00% 0.00% 0.00% 0.00%
Hard 6.67% 6.67% 6.67% 0.00%

Qwen-image: Match
Easy 0.00% 0.00% 0.00% 0.00%
Medium 3.70% 7.41% 3.70% 3.70%
Hard 0.00% 4.00% 0.00% 0.00%

Qwen-image: Mismatch
Medium 0.00% 0.00% 0.00% 0.00%
Hard 0.00% 6.67% 0.00% 0.00%

require fundamentally different training objectives
or inductive biases to support genuine rule-based
reasoning rather than sophisticated pattern match-
ing.

F Math

We construct the Visual Math task to evaluate Log-
ical Reasoning, Logical Deduction, and 2D Spa-
tial Reasoning. This task probes a model’s abil-
ity to understand complex mathematical problems
presented visually (e.g., geometry, diagrams) and

challenges its Temporal Reasoning by requiring
it to generate a video animating the step-by-step
deduction from premises to solution (Huang et al.,
2025a).

F.1 Hard-Level Control

We evaluate models across five benchmarks
that span a wide spectrum of difficulty:
GSM8K (Cobbe et al., 2021) (grade school),
MATH (Hendrycks et al., 2021) (high school
competition), the AIME 2024 (Mathematical
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Association of America, 2024) and AIME
2025 (Mathematical Association of America,
2025) invitational examinations, and Omni-
MATH (Gao et al., 2025) (Olympiad-level). For
Omni-MATH, we further classify problems by
difficulty (five levels: T0–T4) and category (eight
types: Algebra, Applied Math, Calculus, Discrete
Math, Geometry, Precalculus, Number Theory,
and Other). Table 19 summarizes the evaluation
benchmarks and sample counts, while Table 20
details the Omni-MATH sample distribution across
difficulty levels and categories. Figure 15 shows
some selected examples.

Table 19: Summary of mathematical reasoning
benchmarks used for evaluation. GSM8K contains
grade school math word problems. MATH covers
high school competition mathematics across multiple
subjects. AIME (American Invitational Mathematics
Examination) represents advanced competition-level
problems. Omni-MATH provides fine-grained catego-
rization across difficulty levels and subject areas.

Dataset Level Sample Count

GSM8K Grade School 50
MATH500 High School Competition 50
AIME 2024 Invitational Competition 30
AIME 2025 Invitational Competition 30
Omni-MATH Multi-level (T0-T4) 167

Total – 327

F.2 Evaluation and Metrics

We use Gemini-2.5-Pro (Comanici et al., 2025) as
our evaluator to assess the correctness and qual-
ity of generated solutions. The evaluator analyzes
intermediate reasoning steps, final answers, and re-
flective behavior (for video generations). We define
the following metrics:

• Final Correctness (FC): 1 if the final solution
matches the ground truth answer, 0 otherwise.
This metric verifies whether the model arrives
at the correct conclusion.

• Intermediate Correctness (IC): 1 if all rea-
soning steps leading to the solution are logi-
cally valid and mathematically sound, 0 oth-
erwise. This evaluates the quality of the step-
by-step deduction process.

• Action Reflection (AR) (videos only): 1 if
the generated video exhibits self-correction
behavior (e.g., revising incorrect steps, recon-
sidering approaches), 0 if the solution pro-

ceeds without reflection. This metric is not
applicable to static image generations.

• Overall Score: 1 if and only if both Final
Correctness=1 AND Intermediate Correct-
ness=1, 0 otherwise. This is the primary
metric representing complete solution correct-
ness.

F.3 Evaluation Results

Key Finding: The Reasoning-outcome Discon-
nect. Final task-level scores show that Nano-
banana Pro (72.69%) is competitive with the Gem-
ini text baselines (71.38–74.14%), while video
models remain far behind (0–10.61%). Diagnostic
fine-grained results indicate a severe “reasoning
disconnect” in video generation: outputs can reach
plausible final answers while failing to preserve
valid intermediate logic.

F.3.1 Overall Performance Patterns
Final-Score Hierarchy. Table 21 gives the task-
level scores used in Table 4. Gemini-3-Pro is high-
est at 74.14%, followed closely by Nano-banana
Pro at 72.69% and Gemini-3-Flash at 71.38%. All
video models remain far behind: Veo-3 and Sora-2
are near 10%, while Wan-2.2 receives 0.00% under
the final scoring protocol.

The Modality Gap. The diagnostic quanti-
tative results (Table 22) explain where this gap
comes from. On the entry-level GSM8K bench-
mark, Nano-banana Pro achieves a near-perfect
Overall Success Rate of 97.83%, whereas the best-
performing video model, Sora-2, reaches only
30.00%—a greater than 3× performance disparity.
This gap widens on competition-level mathematics;
on AIME 25, Nano-banana Pro maintains a robust
66.67%, while Sora-2 collapses to 0.00%.

The Illusion of Reasoning in Video. A critical
insight from the fine-grained metrics is the diver-
gence between Outcome Success Rate and Process
Success Rate in video models. On GSM8K, Veo-3
achieves a relatively high Outcome Success Rate of
74.00% but a low Process Success Rate of 12.00%.
This substantial ∼62% delta indicates that video
models frequently arrive at the correct final solution
through “hallucinated” or logically invalid visual
transitions, effectively guessing the answer without
successfully modeling the mathematical steps. In
contrast, image models like Nano-banana Pro show
near-perfect alignment (97.83% for both metrics),
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Table 20: Sample distribution of Omni-MATH dataset across difficulty levels and mathematical categories. Note:
Omni-MATH provides a fine-grained ontology for mathematical problem classification. Difficulty levels range
from T0 (easiest, suitable for middle school) to T4 (hardest, Olympiad-level problems). Categories cover the
major branches of mathematics commonly tested in competitions and standardized assessments.

Difficulty Algebra Applied Math Calculus Discrete Math Geometry Precalculus Number Other

T0 (Easiest) 4 5 5 5 5 5 4 1
T1 5 5 4 5 4 5 5 0
T2 5 5 5 5 5 5 5 1
T3 5 5 5 5 5 4 5 0
T4 (Hardest) 5 5 1 5 5 4 5 0

Total 24 25 20 25 24 23 24 2

Note: Omni-MATH provides a fine-grained ontology for mathematical problem classification. Difficulty levels range from
T0 (easiest, suitable for middle school) to T4 (hardest, Olympiad-level problems). Categories cover the major branches of
mathematics commonly tested in competitions and standardized assessments.

Janet’s ducks lay 16 eggs per day. She eats three 
for breakfast every morning and bakes muffins for 

her friends every day with four. She sells the 
remainder at the farmers' market daily for $2 per 

fresh duck egg. How much in dollars does she 
make every day at the farmers' market?

GSM8K

The expression 2 ∙ 3 ∙ 4 ∙ 5 + 1 is equal to 121, since multiplication is carried out 
before addition. However, we can obtain values other than 121 for this expression 

if we are allowed to change it by inserting parentheses. For example, we can 
obtain 144 by writing 2 ∙ 3 ∙ 4 ∙ 5 + 1 = 144. In total, how many values can 
be obtained from the expression 2 ∙ 3 ∙ 4 ∙ 5 + 1 by inserting parentheses? (Note 

that rearranging terms is not allowed, only inserting parentheses).

MATH500

Every morning Aya goes for a 9-kilometer-long walk and stops at a coffee shop 
afterwards. When she walks at a constant speed of 𝑠 kilometers per hour, the walk 

takes her 4 hours, including 𝑡 minutes spent in the coffee shop. When she walks at 𝑠 +
2 kilometers per hour, the walk takes her 2 hours and 24 minutes, including t minutes 

spent in the coffee shop. Suppose Aya walks at 𝑠 + 1
2
 kilometers per hour. Find the 

number of minutes the walk takes her, including the 𝑡 minutes spent in the coffee shop.

AIME2024

Find the sum of all integer bases 𝑏 > 9 for 
which 17𝑏 is a divisor of 97𝑏.

AIME2025

Consider a variable point 𝑃 inside a given triangle 𝐴𝐵𝐶. Let 𝐷, 𝐸, 𝐹 be the feet of 
the perpendiculars from the point 𝑃 to the lines 𝐵𝐶, 𝐶𝐴, 𝐴𝐵 respectively. 

Find all points 𝑃 which minimize the sum 𝐵𝐶
𝑃𝐷

+ 𝐶𝐴
𝑃𝐸

+ 𝐴𝐵
𝑃𝐹

.

Omni-MATH (T0, Geometry)

For how many pairs (𝑚, 𝑛) with 𝑚 and 𝑛 integers 
satisfying 1 ≤ 𝑚 ≤ 100 and 101 ≤ 𝑛 ≤ 205 is 

3𝑚 + 7𝑛 divisible by 10?

Omni-MATH (T4, Number)

Figure 15: Examples from our selected five mathematical reasoning benchmarks.

Table 21: Final task-level results for the Math task. Scores match the Math row in Table 4; the detailed benchmark
breakdowns that follow are diagnostic analyses from the fine-grained evaluation runs.

Model Type Final score ↑
Veo-3 Video 10.61%
Sora-2 Video 10.56%
Wan-2.2 Video 0.00%

Nano-banana Image 11.47%
Nano-banana Pro Image 72.69%
GPT-4o-image Image 26.24%
GPT-image-1.5 Image 25.52%
Qwen-image Image 11.22%

Gemini-3-Flash Text baseline 71.38%
Gemini-3-Pro Text baseline 74.14%

demonstrating that their outputs rely on consistent
step-by-step deduction.

Action Reflection and Error Correction.
Video-specific Action Reflection scores remain crit-
ically low across the board (0–16%), implying a

limited capacity for self-correction during temporal
generation.

• Inverse Scaling: Interestingly, different video
models struggle in different regimes. Sora-2
leads video models on easier tasks (30.00%
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(a) t=0s (b) t=2s

(c) t=4s (d) t=6s

Figure 16: Temporal evolution of math problem solving at t=0s, 2s, 4s, 6s. Generated by Veo-3.

on GSM8K) but degrades on hard tasks.

• The Wan-2.2 Anomaly: Conversely, Wan-
2.2 performs poorly on simple tasks (2.00%
on GSM8K) but unexpectedly outperforms
other video models on the hardest benchmarks
(15.56% on AIME 24), suggesting it may pos-
sess latent reasoning capabilities that are not
triggered by simpler prompts, or that its train-
ing distribution favors complex visual proofs
over simple arithmetic.

F.3.2 Dataset Difficulty Progression
Performance degradation across datasets (Table 22)
reveals three distinct scaling behaviors: robust re-
tention (Nano-banana Pro), rapid collapse (GPT-
4o-image), and the “middle-peak” stability of video
models (Veo-3).

GSM8K (Grade School): Hallucination Gap.
On this baseline benchmark, image models demon-
strate mastery, with Nano-banana Pro hitting a ceil-
ing of 97.8%. In contrast, Veo-3 exhibits a defining
characteristic of current video generation: the “illu-
sion of competence.” While it achieves a high Out-
come Success Rate of 74.00%, its Process Success
Rate is only 12.00% (and Overall Success matches
at 12.00%). This massive disparity suggests that
on simple word problems, Veo-3 retrieves correct
answers from its training data without generating

the corresponding visual reasoning to support them.
Sora-2 performs better here (30.00% Overall), but
still trails image models by a wide margin.

MATH500 (High School Competition): Video
Stability Phenomenon. As problem complexity in-
creases, a counter-intuitive trend emerges for video
models. While image models like GPT-4o-image
suffer a 64% relative decline (75.65% → 27.34%),
Veo-3 actually improves, rising from 12.00% on
GSM8K to 18.00% on MATH500. Similarly, Sora-
2 remains stable (31.91%). This suggests that the
structured, formal nature of competition mathe-
matics—which often involves distinct, sequential
steps—may align better with video generation tem-
poral priors than the varying linguistic structures
of grade-school word problems. Meanwhile, Nano-
banana Pro continues to dominate, maintaining a
91.84% success rate.

AIME & Omni-MATH: Hard-Reasoning
Frontier. On the most challenging benchmarks,
model behaviors diverge sharply:

• The Image SOTA: Nano-banana Pro defies
the difficulty curve, achieving 66.67% on
AIME25 and 63.06% on Omni-MATH, prov-
ing that visual generation models can sustain
complex reasoning chains.

• The Video Shuffle: The hierarchy among
video models inverts at this level. Wan-
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Table 22: Diagnostic fine-grained results for the Math task across the original benchmark splits. These per-dataset
metrics explain process/outcome behavior for the model subset available in the fine-grained run; the final task-level
scores are reported in Table 21. “–” denotes a missing per-dataset result.

Fine-grained Metrics Primary Metric

Model Process Success Rate ↑ Outcome Success Rate ↑ Action Reflection ↑ Overall Success Rate ↑
Dataset: GSM8K

Video Models
Veo-3 12.00% 74.00% 12.00% 12.00%
Sora-2 38.00% 64.00% 16.00% 30.00%
Wan-2.2 2.00% 2.00% 0.00% 2.00%

Image Models
Nano-banana 44.00% 88.00% N/A 42.00%
Nano-banana Pro 97.83% 97.83% N/A 97.83%
GPT-4o-image 80.00% 83.48% N/A 75.65%
Qwen-image 44.00% 44.00% N/A 44.00%

Dataset: MATH500
Video Models

Veo-3 20.00% 52.00% 14.00% 18.00%
Sora-2 34.04% 59.57% 10.64% 31.91%
Wan-2.2 3.33% 6.00% 0.00% 3.33%

Image Models
Nano-banana 16.00% 74.00% N/A 16.00%
Nano-banana Pro 91.84% 91.84% N/A 91.84%
GPT-4o-image 29.14% 42.45% N/A 27.34%
Qwen-image – – N/A –

Dataset: AIME24
Video Models

Veo-3 8.33% 8.33% 5.00% 1.67%
Sora-2 8.70% 13.04% 4.35% 4.35%
Wan-2.2 15.56% 22.22% 11.11% 15.56%

Image Models
Nano-banana 5.00% 15.00% N/A 0.00%
Nano-banana Pro 63.64% 36.36% N/A 31.82%
GPT-4o-image 3.33% 10.00% N/A 0.00%
Qwen-image 1.12% 1.12% N/A 1.12%

Dataset: AIME25
Video Models

Veo-3 3.33% 11.67% 1.67% 3.33%
Sora-2 8.70% 21.74% 4.35% 0.00%
Wan-2.2 5.56% 10.00% 3.33% 5.56%

Image Models
Nano-banana 1.75% 33.33% N/A 1.75%
Nano-banana Pro 71.43% 90.48% N/A 66.67%
GPT-4o-image 0.00% 3.33% N/A 0.00%
Qwen-image 4.00% 4.00% N/A 4.00%

Dataset: Omni-MATH
Video Models

Veo-3 4.79% 15.57% 5.09% 3.89%
Sora-2 0.62% 1.88% 6.88% 0.62%
Wan-2.2 0.41% 3.46% 0.61% 0.41%

Image Models
Nano-banana 3.90% 39.94% N/A 3.90%
Nano-banana Pro 65.77% 85.59% N/A 63.06%
GPT-4o-image 4.79% 41.92% N/A 4.79%
Qwen-image 6.67% 6.67% N/A 6.67%

2.2, which failed on easy tasks, spikes to
15.56% on AIME24. Furthermore, on Omni-
MATH, Veo-3 emerges as the most robust
video model (3.89%), significantly outper-
forming both Sora-2 (0.62%) and Wan-2.2
(0.41%). This indicates that while Veo-3 strug-
gles with the “exactness” of simple arithmetic
(GSM8K), it possesses a superior capacity for

generalized, albeit imperfect, reasoning on
novel, high-complexity tasks compared to its
peers.

F.3.3 Omni-MATH Deep Dive
The fine-grained analysis of Omni-MATH reveals
that difficulty and domain do not impact video and
image models uniformly (Table 23 and Table 24).

Difficulty Analysis: The “Inverse Scaling”
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Anomaly. Standard benchmarks usually show
linear degradation as difficulty increases (T0 →
T4). However, both model types exhibit counter-
intuitive behavior here:

• Video Non-Monotonicity: Veo-3 displays
a “U-shaped” performance curve. It starts
at 6.06% (T0), dips to a near-zero 1.47% on
T3, but surprisingly recovers to 5.00% on T4
(the hardest tier). This suggests that T4 prob-
lems, while mathematically harder, may pos-
sess canonical structures (standard Olympiad
templates) that video models can memorize
and reproduce more effectively than the am-
biguous, semi-structured problems found in
intermediate tiers (T1–T3).

• Image Inverse Scaling: Nano-banana Pro
exhibits arguably the most shocking result in
the dataset: it performs better on the hardest
problems than the easiest ones. Its Overall
Success Rate skyrockets from 26.67% on T1
to a commanding 82.76% on T4. This implies
the model is highly optimized for formal, high-
complexity mathematical proofs rather than
simpler, variable-heavy word problems.

Category Analysis: The Visual vs. Abstract
Divide. Domain breakdowns expose the specific
cognitive limitations of video generation.

• Geometry: Video models perform best in Ge-
ometry (Veo-3: 8.33%), outperforming their
own averages in other domains. This confirms
that video generation logic aligns well with
geometric construction, where reasoning steps
(e.g., drawing auxiliary lines) correspond di-
rectly to visual frame transitions.

• The Abstract Collapse: Conversely, video
models face catastrophic failure in domains
requiring abstract symbolic manipulation. In
Calculus, Discrete Math, Applied Math, and
Precalculus, video models collapse to an Over-
all Success Rate of 0.00%. Notably, in Pre-
calculus, Veo-3 achieves a 21.74% Outcome
Success Rate but 0.00% overall, illustrating
extreme “hallucination”—guessing the right
number through invalid visual morphing.

• Image Robustness: Unlike video models,
Nano-banana Pro maintains high process cor-
rectness across all domains, including those
where video fails (e.g., 53.33% in Calculus;
68.75% in Applied Math). This confirms that

SOTA image models have successfully inter-
nalized the symbolic logic required for ab-
stract math, whereas video models remain
tethered to visual pattern matching.

F.3.4 Key Findings and Implications
Three critical insights emerge from the evaluation,
pointing to fundamental divergences in how image
and video architectures process mathematical logic.

1. The Temporal Penalties of Reasoning. The
results establish that video generation currently
penalizes mathematical reasoning rather than en-
hancing it. While image-based models like Nano-
banana Pro have achieved near-mastery of com-
plex logic (66%+ on AIME), video models face a
“temporal tax.” The requirement to maintain frame-
to-frame coherence appears to compete with logi-
cal consistency, leading to a massive performance
gap—often exceeding 4–6× on hard benchmarks.
This suggests that current video architectures treat
mathematical derivation as a visual texture to be
morphed, rather than a semantic chain to be con-
structed, necessitating new architectures that de-
couple reasoning states from visual rendering.

2. The “Hallucination” of Competence in
Video. A defining failure mode of current video
models is solution-answer dissociation. Models
like Veo-3 frequently achieve high Outcome Suc-
cess Rates (e.g., 74% on GSM8K) while failing
Process Success (12%), indicating they reach cor-
rect answers through invalid or hallucinated visual
transitions. This contrasts sharply with SOTA im-
age models, where process and outcome metrics
are tightly coupled (> 99% correlation for Nano-
banana Pro). This dissociation undermines the util-
ity of video for educational or explanatory tasks,
as the visual "proof" provided by the video is often
mathematically illusory despite the final answer
being correct.

3. Domain-Specific “Islands of Aptitude.” Vi-
sual mathematical reasoning is not a monolithic
capability but highly domain-dependent.

• The Geometry Bias: Video models show
a clear inductive bias for Geometry (8.33%
success), where the reasoning process (con-
struction, transformation) is inherently spatial-
temporal.

• The Abstract Barrier: Conversely, video
models collapse to near-zero performance on
abstract domains like Calculus and Discrete
Math.
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• The “Inverse Scaling” Paradox: Unexpect-
edly, models like Wan-2.2 (Video) and Nano-
banana Pro (Image) perform significantly bet-
ter on the hardest benchmarks (AIME, Omni-
MATH T4) than on intermediate ones. This
implies that high-difficulty problems often
follow rigid, canonical templates that mod-
els can memorize, whereas “simpler” prob-
lems involving variable linguistic structures
or non-standard arithmetic expose the fragility
of their generalized reasoning.

F.3.5 Case Study Analysis: Veo-3 Failure
Modes

Visual case studies of Veo-3’s generation traces
reveal three structural pathologies that explain the
“Reasoning-Outcome Disconnect” observed in the
quantitative results.

1. Temporal Drift and Visual Hallucination.
The most pervasive failure mode is Temporal Drift,
where the logical integrity of the solution degrades
as the video progresses, even if the initial setup
is correct. This is the primary driver of the mas-
sive gap between Outcome Success (74.00%) and
Process Success (12.00%) on GSM8K. In 62%
of cases, Veo-3 “teleports” to the correct final an-
swer via visually fluid but mathematically invalid
transitions—morphing numbers arbitrarily or skip-
ping essential derivation steps. This suggests the
model minimizes visual prediction error (pixel con-
sistency) at the expense of logical semantic error,
prioritizing a smooth-looking video over a mathe-
matically valid proof.

2. The "Correction Paradox" (Toxic Re-
flection). Counter-intuitively, the model’s self-
correction mechanisms often act as noise injection
rather than error mitigation. While Veo-3 exhibits
an Action Reflection rate of 14.00% on MATH500,
these edits rarely salvage the solution. Qualitative
analysis shows that when the model attempts to
“backtrack” and rewrite a frame, it frequently intro-
duces continuity errors or hallucinates new, irrel-
evant constraints. Rather than exhibiting genuine
metacognition (detecting logical flaws), the reflec-
tion appears to be a stochastic process—randomly
modifying parts of the visual field—which disrupts
the linear chain of reasoning required for multi-step
problems.

3. Spatial Attention Collapse (Positional Bias).
Veo-3 displays a distinct “foveal bias,” dispropor-
tionately attending to the center of the visual field
while neglecting constraints or auxiliary figures

located at the periphery. This bias is particularly
detrimental in Geometry tasks (where Veo-3 oth-
erwise performs well, relative to other domains).
In failed instances, the model successfully renders
the central geometric construction but fails to in-
corporate numerical values or variable definitions
positioned in the upper or lower margins. This
spatial neglect results in “correctly solved” wrong
problems—logic that is internally consistent but
divorced from the specific boundary conditions of
the prompt.

G Embodied Navigation

We develop the Embodied Navigation task to
evaluate 3D Spatial Understanding, 2D Spatial
Grounding, Temporal Reasoning, and Physical
Commonsense. This task probes a model’s ability
to reason about ego-centric environments, inter-
preting scene geometry, anticipating future states,
and respecting physical constraints, and challenges
its multi-step planning ability by requiring it to
generate a video or image that depicts the agent’s
trajectory as it navigates toward the goal.

G.1 Task Definition

Figure 17 illustrates the four Embodied Navigation
task settings evaluated in our benchmark:

• Panoramic View Last-Mile Navigation
(Last-Mile Nav.) (Section H) presents a
360◦ panoramic environment from a third-
person “over-the-shoulder” perspective, re-
quiring models to reason over wide-field vi-
sual context for short-range navigation.

• Top-down View Real-World Navigation
(Top-down View Nav.) (Section I) uses a
fixed bird’s-eye camera, emphasizing global
spatial planning and long-horizon path predic-
tion.

• 3D Real-World Navigation (3D R.-W. Nav.)
(Section J) adopts cutaway/dollhouse-style
renderings to expose full 3D structure, chal-
lenging models to ground navigation deci-
sions in multi-room, multi-level layouts from
a fixed third-person view.

• Simultaneous Localization and Generation
(SLAG) (Section K) combines both 3D and
top-down environment views, requiring mod-
els to jointly localize the agent and gener-
ate the surrounding scene layout. Together,
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Table 23: Quantitative breakdown results for the Omni-MATH task. We evaluate video generative models (Veo-3,
Sora-2, and Wan-2.2) and image generative models (Nano-banana, Nano-banana Pro, GPT-4o-image, and Qwen-
image) on five difficulty levels (T0–T4).

Fine-grained Metrics Primary Metric

Model Process Success Rate ↑ Outcome Success Rate ↑ Action Reflection ↑ Overall Success Rate ↑
T0

Video Models
Veo-3 6.06% 12.12% 3.03% 6.06%
Sora-2 3.03% 6.06% 15.15% 3.03%
Wan-2.2 0.98% 4.90% 2.94% 0.98%

Image Models
Nano-banana 0.00% 33.82% N/A 0.00%
Nano-banana Pro 53.85% 84.62% N/A 53.85%
GPT-4o-image 0.00% 0.00% N/A 0.00%
Qwen-image 22.00% 22.00% N/A 22.00%

T1
Video Models

Veo-3 4.55% 4.55% 1.52% 3.03%
Sora-2 0.00% 3.12% 3.12% 0.00%
Wan-2.2 0.00% 6.06% 0.00% 0.00%

Image Models
Nano-banana 0.00% 19.70% N/A 0.00%
Nano-banana Pro 26.67% 60.00% N/A 26.67%
GPT-4o-image 0.00% 0.00% N/A 0.00%
Qwen-image 8.42% 13.68% N/A 8.42%

T2
Video Models

Veo-3 5.56% 16.67% 2.78% 5.56%
Sora-2 0.00% 0.00% 2.86% 0.00%
Wan-2.2 0.93% 3.70% 0.00% 0.93%

Image Models
Nano-banana 4.17% 47.22% N/A 4.17%
Nano-banana Pro 70.00% 96.67% N/A 66.67%
GPT-4o-image 2.78% 2.78% N/A 2.78%
Qwen-image 7.92% 8.91% N/A 7.92%

T3
Video Models

Veo-3 1.96% 13.24% 1.47% 1.47%
Sora-2 0.00% 0.00% 9.68% 0.00%
Wan-2.2 0.00% 1.96% 0.00% 0.00%

Image Models
Nano-banana 5.88% 45.59% N/A 5.88%
Nano-banana Pro 70.83% 79.17% N/A 62.50%
GPT-4o-image 0.00% 2.86% N/A 0.00%
Qwen-image 16.67% 12.22% N/A 12.22%

T4
Video Models

Veo-3 5.17% 36.67% 15.00% 5.00%
Sora-2 0.00% 0.00% 3.45% 0.00%
Wan-2.2 0.00% 0.00% 0.00% 0.00%

Image Models
Nano-banana 9.52% 53.97% N/A 9.52%
Nano-banana Pro 82.76% 93.10% N/A 82.76%
GPT-4o-image 0.00% 6.67% N/A 0.00%
Qwen-image 25.68% 22.97% N/A 22.97%

these settings form a comprehensive testbed
for evaluating spatial reasoning, geometric un-
derstanding, and scene-generation capabilities
of modern video and image generative mod-
els.

G.2 Hard-Level Control

To build a consistent and controllable evalua-
tion suite across the four embodied navigation
tasks—Panoramic View Last-Mile Navigation,
Top-down View Real-World Navigation, 3D Real-

World Navigation, and Simultaneous Localization
and Generation (SLAG)—we structure the dataset
along four hard-level axes: Environmental Com-
plexity, View Fidelity, Trajectory Distance, and
Destination Specification. Each axis is defined
through a unified set of principles shared across
tasks, while accommodating modality-specific dif-
ferences in sensing, spatial representation, and
scene geometry. This organization ensures cross-
task comparability while preserving the unique
challenges intrinsic to each navigation setting.
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Table 24: Quantitative breakdown results for the Omni-MATH task. We evaluate video generative models
(Veo-3, Sora-2, and Wan-2.2) and image generative models (Nano-banana, Nano-banana Pro, GPT-4o-image,
and Qwen-image) on eight categories. Because image outputs do not support frame-by-frame reasoning, action-
reflection–based metrics are omitted for image generative models (marked with “N/A”).

Fine-grained Metrics Primary Metric

Model Process Success Rate ↑ Outcome Success Rate ↑ Action Reflection ↑ Overall Success Rate ↑
Algebra

Video Models
Veo-3 4.17% 12.50% 4.17% 4.17%
Sora-2 4.35% 8.70% 13.04% 4.35%
Wan-2.2 0.00% 5.56% 0.00% 0.00%

Image Models
Nano-banana 4.17% 45.83% N/A 4.17%
Nano-banana Pro 61.11% 83.33% N/A 55.56%
GPT-4o-image 0.00% 4.00% N/A 0.00%
Qwen-image 19.70% 24.24% N/A 19.70%

Applied Math
Video Models

Veo-3 0.00% 20.00% 8.00% 0.00%
Sora-2 0.00% 0.00% 8.00% 0.00%
Wan-2.2 0.00% 5.33% 0.00% 0.00%

Image Models
Nano-banana 16.00% 32.00% N/A 16.00%
Nano-banana Pro 68.75% 87.50% N/A 68.75%
GPT-4o-image 4.00% 4.00% N/A 4.00%
Qwen-image 14.49% 14.49% N/A 14.49%

Calculus
Video Models

Veo-3 5.00% 10.00% 5.00% 0.00%
Sora-2 0.00% 0.00% 10.00% 0.00%
Wan-2.2 0.00% 1.67% 0.00% 0.00%

Image Models
Nano-banana 0.00% 35.00% N/A 0.00%
Nano-banana Pro 66.67% 80.00% N/A 53.33%
GPT-4o-image 0.00% 0.00% N/A 0.00%
Qwen-image 15.79% 15.79% N/A 15.79%

Discrete Math
Video Models

Veo-3 0.00% 12.00% 4.00% 0.00%
Sora-2 0.00% 0.00% 4.17% 0.00%
Wan-2.2 0.00% 5.33% 0.00% 0.00%

Image Models
Nano-banana 0.00% 24.00% N/A 0.00%
Nano-banana Pro 54.55% 72.73% N/A 54.55%
GPT-4o-image 0.00% 0.00% N/A 0.00%
Qwen-image 15.94% 17.39% N/A 15.94%

Geometry
Video Models

Veo-3 8.33% 25.00% 4.17% 8.33%
Sora-2 0.00% 0.00% 0.00% 0.00%
Wan-2.2 0.00% 1.39% 4.17% 0.00%

Image Models
Nano-banana 0.00% 45.83% N/A 0.00%
Nano-banana Pro 78.57% 92.86% N/A 78.57%
GPT-4o-image 0.00% 0.00% N/A 0.00%
Qwen-image 23.64% 20.00% N/A 18.18%

Precalculus
Video Models

Veo-3 4.35% 21.74% 8.70% 0.00%
Sora-2 0.00% 0.00% 0.00% 0.00%
Wan-2.2 0.00% 1.45% 0.00% 0.00%

Image Models
Nano-banana 13.04% 65.22% N/A 13.04%
Nano-banana Pro 68.18% 86.36% N/A 68.18%
GPT-4o-image 0.00% 4.17% N/A 0.00%
Qwen-image 20.90% 16.42% N/A 16.42%

Number
Video Models

Veo-3 4.17% 8.33% 12.50% 4.17%
Sora-2 0.00% 0.00% 0.00% 0.00%
Wan-2.2 1.39% 1.39% 0.00% 1.39%

Image Models
Nano-banana 0.00% 50.00% N/A 0.00%
Nano-banana Pro 64.29% 92.86% N/A 64.29%
GPT-4o-image 0.00% 4.00% N/A 0.00%
Qwen-image 2.82% 4.23% N/A 2.82%
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Panoramic View Last-Mile Navigation

Simultaneous Localization and Generation

Top-Down View Real-World Navigation

3D Real-World Navigation

Environment View: Panoramic 
Camera View: Third-person "over-the-shoulder”

Environment View: Top-down
Camera View: Fixed Third-person Bird’s Eye

Environment View: 3D (Cutway / Dollhouse)
Camera View: Fixed Third-person

Environment View: 3D + Top-down 
Camera View: Fixed Third-person

Main Metrics -> Fine Metrics -> Tasks

Veo-3 Sora-2 Wan2.2 GPT-4o-ImageNano-banana… …

Figure 17: Visual illustration of the four Embodied Navigation task settings: Panoramic View Last-Mile Navigation,
Top-down View Real-World Navigation, 3D Real-World Navigation, and Simultaneous Localization and Generation
(SLAG).

(a) Sample Vocabulary Distribution of Panoramic View Last-
Mile Navigation.

(b) Sample Vocabulary Distribution of 3D Real-World Navi-
gation.

Figure 18: Word Clouds of Semantic Target Descriptions for Destination Specification (Hard Level). It visualizes
the frequency of terms used by annotators to describe target locations using natural language. The dominance
of spatial prepositions (e.g., “front,” “top,” “next,” “right”) and structural landmarks (e.g., “staircase,” “window,”
“entrance,” “living [room]”) indicates that annotators heavily rely on relative positioning and salient architectural
features. This validates the hard-level protocol, where ambiguity in complex environments is resolved by adding
spatially anchored landmarks and floor identifiers to uniquely isolate the intended area.

G.2.1 Environmental Complexity

We source scenes from photo-realistic indoor
scans in Matterport3D (Chang et al., 2017) and
HM3D (Ramakrishnan et al., 2021), as well as ren-
dered environments in Habitat (Savva et al., 2019).
Environmental complexity varies by the structural
layout visible to the agent. In Panoramic View
Last-Mile Navigation, complexity is determined by
the spatial arrangement captured within a single
panorama: floor01 scenes correspond to single-
floor homes with no vertical transitions, whereas
floor02plus scenes include multi-level structures
with either implicit stairs not fully visible in the
panorama or explicit staircases enabling vertical
navigation. For the remaining three tasks, which
rely on rendered 3D views or top-down maps,

multi-level environments present fully connected
floors and additional branching regions. These
multi-floor layouts may include basements, attics,
outdoor pools, and gardens. By varying structural
scale while keeping other factors fixed, the bench-
mark ensures controlled yet diverse navigation chal-
lenges.

G.2.2 View Fidelity

Because the four navigation tasks use distinct ren-
dering modalities, we define view fidelity in a
task-specific yet cross-comparable manner. For
Panoramic View Last-Mile Navigation, fidelity cap-
tures how much of the environment is visually ac-
cessible. Human raters evaluate the extent and
spatial distribution of occlusions from foreground
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Table 25: Distribution of evaluation samples across the 24 hard-level configurations defined by environmental
complexity, view fidelity, trajectory distance, and destination specification. Counts are reported for the four
embodied navigation tasks: Panoramic View Last-Mile Navigation (Last-Mile Nav.), Top-down View Real-World
Navigation (Top-down View Nav.), 3D Real-World Navigation (3D R.-W. Nav.), and Simultaneous Localization and
Generation (SLAG).

Env. Complexity View Fidelity Distance Level Destination Type Last-Mile Nav. Top-down View Nav. 3D R.-W. Nav. SLAG

1 Floor

quality03
short color mark 5 5 5 5

location description 5 5 5 5

long color mark 5 5 5 5
location description 5 5 5 5

quality04
short color mark 5 5 5 5

location description 5 5 5 5

long color mark 5 5 5 5
location description 5 5 5 5

quality05
short color mark 5 5 5 5

location description 5 5 5 5

long color mark 5 5 5 5
location description 5 5 5 5

2 Plus Floors

quality03
short color mark 5 5 5 5

location description 5 5 5 5

long color mark 5 5 5 5
location description 5 5 5 5

quality04
short color mark 5 5 5 5

location description 5 5 5 5

long color mark 5 5 5 5
location description 5 5 5 5

quality05
short color mark 5 5 5 5

location description 5 5 5 5

long color mark 5 5 5 5
location description 5 5 5 5

Total All 24 Configurations 120 120 120 120

objects—i.e., how much of the room layout is ob-
structed and how many landmarks remain visible.
Scores range from 3 to 5, corresponding to qual-
ity03 through quality05. For Top-down View Real-
World Navigation, 3D Real-World Navigation, and
SLAG, fidelity reflects a more holistic assessment
of scene realism and navigability. Raters consider
factors such as the presence of holes or cracks, fur-
nishing quality, door openness, and the plausibility
of interaction with the environment. These scenes
are likewise scored on the 3–5 scale aligned with
quality03 to quality05.

G.2.3 Trajectory Distance

Trajectory distance is defined as the geodesic sep-
aration between the agent’s starting point and the
target location. We categorize trajectories into
two types. Short trajectories involve relatively
direct motion: they require no major turns and may
include vertical movement (e.g., reaching an up-
per floor) without substantial directional changes.
Long trajectories, in contrast, include at least one
significant turn. To maintain comparability across
the four tasks, long trajectories are selected so that
they share partial path structure with the corre-
sponding short cases at the same hard level.

G.2.4 Destination Specification

Targets are specified either through direct vi-
sual annotation or through a natural-language
description of the same location. For color-based
targets (color mark), annotators highlight the
target region in the input image using a pure red
overlay (#ff0000), ensuring that it is visually dis-
tinguishable from its surroundings. For semantic
targets (location description), annotators describe
the corresponding region using natural language.
Although both specifications are intended to
reference the same location, ambiguity may arise
when multiple similar regions exist. In such cases,
annotators include additional disambiguating
details—such as floor identifiers and spatially
anchored landmarks—to ensure the description
uniquely identifies the intended target area.

These four axes allow us to systematically con-
trol difficulty across all 24 configuration slots sum-
marized in the table, while keeping the evaluation
consistent across tasks that vary in sensing modal-
ity, scene rendering, and navigation objective. Ta-
ble 25 provides the detailed distribution of the Em-
bodied Navigation samples.
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G.3 Evaluation and Metrics
Evaluating navigation-conditioned video or image
generation requires metrics that jointly capture geo-
metric fidelity and visual-semantic reasoning. Our
evaluation focuses on whether the agent moves
plausibly through the environment, correctly in-
terprets the navigation instruction, adheres to the
physical layout of the scene, and preserves the iden-
tity and spatial integrity of the target destination.
All metrics are binary and are computed directly
from the agent’s execution trace and the generated
video frames. The definitions below consolidate the
evaluation protocol used across all navigation tasks,
drawing from the criteria specified in the evalua-
tion prompt templates and supplementary rules. As
illustrated in Figure 19, this framework is adaptive:
while several fine-grained metrics are shared across
multiple tasks, others are task-specific to address
unique navigation modalities.

G.3.1 Task Completeness Metrics
These metrics assess whether the agent reaches
or meaningfully approaches the correct desti-
nation based solely on geometric information.
They intentionally ignore visual fidelity, semantic
correctness, and physical plausibility, which are
evaluated by separate metrics.

• Success Score (S.S. 2D). Measures whether
the agent’s final position lies within the high-
lighted or textually specified goal region in
the 2D overhead map. The score is 1 if the
final coordinates fall entirely inside the goal
footprint; otherwise 0.

• Oracle Success Score (O.S. 2D). Provides
partial credit when the agent comes suffi-
ciently close to the 2D goal during navigation.
The score is 1 if the agent’s path ever inter-
sects or touches the goal region, even if it does
not stop there; otherwise 0.

• Success Score (S.S. 3D). Checks whether the
agent ends inside the correct destination vol-
ume in the 3D navigation sequence. This met-
ric is purely geometric and independent of any
visual discrepancies at the destination. The
score is 1 if the final 3D position is within the
target volume; otherwise 0.

• Oracle Success Score (O.S. 3D). Grants
credit when the agent enters the vicinity of
the correct 3D destination at any point dur-
ing its rollout. The score is 1 if the trajectory

ever crosses the predefined proximity thresh-
old around the target; otherwise 0.

• Trajectory Alignment Score (Traj. Ali.).
Evaluates whether the agent’s 2D projected
route is consistent with its 3D motion path,
focusing on major turns and spatial transitions.
A score of 1 indicates strong correspondence
between the two trajectories; otherwise 0.

G.3.2 Video Quality in Physical
Understanding

These metrics assess whether the agent’s motion
obeys basic physical principles and remains con-
sistent with the underlying scene geometry. They
focus on physical plausibility, continuity, and spa-
tial coherence rather than destination correctness.

• Object Semantic Score (Obj. Sem.). Evalu-
ates whether the agent interacts with the envi-
ronment in a physically valid way. The agent
must not collide with, pass through, or visu-
ally intersect solid structures such as walls,
furniture, or appliances. Score is 1 if no col-
lision or penetration is observed; otherwise
0.

• Agent Consistency Score (Agent Con.).
Measures temporal continuity and identity
preservation of the navigating agent. For im-
age generation tasks: (1) The agent’s trajec-
tory must remain continuous across frames,
and (2) exactly one agent should appear
throughout the navigation sequence. Score
is 1 if the same agent moves smoothly and
consistently across all frames; otherwise 0.

• Spatial Alignment Score (Spa. Ali.). Checks
whether the agent’s heading, motion direction,
and elevation changes remain coherent with
the expected physical layout. For image gen-
eration tasks: (1) The initial position must be
visually identifiable when provided, and (2)
the agent’s initial facing direction must align
with its first movement. Score is 1 if head-
ing, transitions, and movement direction are
physically and visually consistent; otherwise
0.

G.3.3 Video Quality in Instruction Following
Because a video generation model can “cheat” in
embodied navigation—by fabricating a visually
plausible destination, altering the environment, or
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Figure 19: Evaluation metrics flow. Decomposition of the three main metrics Task Completeness, Video Quality
in Physical Understanding, and Video Quality in Instruction Following into fine-grained components (e.g.,
Consistency, Physical Plausibility, Instruction Alignment) and their mapping to the corresponding navigation tasks.

painting a new target beneath the agent—we im-
pose strict constraints to ensure faithful instruction
following. These metrics evaluate whether the
generated video preserves the intended destina-
tion and maintains a static, coherent scene.

• Destination Integrity Score (Des. Inte.). As-
sesses whether the destination region is pre-
served and correctly interpreted by the model.
According to the supplementary rules: (1)
The red-marked target region must remain un-
changed in size, position, texture, and overall
appearance; (2) The agent must not rely on
hallucinated alternatives (e.g., newly created
look-alike objects or fabricated goal markers).
The score is 1 if the original destination re-
mains intact and the agent stops within that
region; otherwise 0.

• Scene Consistency Score (Scene Con.). Eval-
uates whether the environment remains static
throughout the video. No objects, lighting,
geometry, or layout elements may appear, dis-
appear, deform, or shift in a way that violates
the static-scene assumption. The score is 1 if
the scene stays unchanged across all frames;
otherwise 0.

Across all four navigation tasks, these video-
quality metrics employ a unified binary (pass/fail)
definition to ensure consistent evaluation.

G.3.4 Holistic Performance

Across all embodied navigation tasks, we define an
Overall metric that measures end-to-end success
under a strict, holistic criterion: a sample is con-
sidered correct only if all fine-grained evaluation
metrics simultaneously achieve a score of 1. This
requirement highlights a key observation about cur-
rent generative models: strong performance on iso-
lated metrics does not necessarily translate into
coherent, successful task execution. The Overall
score thus captures the true difficulty of producing
videos that are simultaneously geometrically cor-
rect, physically plausible, visually consistent, and
instruction-faithful.

We run automatic VLM-based evaluation for
the Embodied Navigation task. The automatic
setup uses Gemini-2.5-Pro (Comanici et al., 2025)
with a structured evaluation prompt; it receives (i)
the model-generated video or image and (ii) task-
specific context, and returns binary metric scores
and brief justifications.

G.3.5 Geo-Align

Embodied Navigation. To evaluate the physi-
cal faithfulness of the Panoramic View Last-Mile
Navigation, we employ Geo-Align, a determin-
istic geometric alignment pipeline that recovers
agent trajectories from generated videos for rig-
orous spatial verification. For the ground truth
(GT), shortest-path coordinates are recorded via
manual control in Habitat; for generated sequences,
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we utilize VGGT (Wang et al., 2025a) to recon-
struct a 3D point cloud and sample predicted poses.
The synchronization process involves converting
panoramic frames into cubemaps, retaining only
four lateral faces to align with the front-view bias
of VGGT, and performing scale normalization by
matching predicted start-to-end Euclidean displace-
ment with the GT. By centering start coordinates
and estimating an optimal XZ-plane rotation to
align headings, we enable the computation of navi-
gation efficiency metrics, like Success weighted by
Path Length (SPL) (Zhang et al., 2024).

To provide a multidimensional assessment of the
reconstructed trajectories, we evaluate performance
using the following suite of metrics:

• Task Success: We report the binary Success
Rate (SR) (Anderson et al., 2018), defined
as reaching the goal within a specified dis-
tance threshold, and Success weighted by Path
Length (SPL) (Zhao et al., 2023), which ac-
counts for the efficiency of the agent’s route
relative to the shortest path.

• Path Fidelity: We employ normalized
Dynamic Time Warping (nDTW) (Ilharco
et al., 2019) and its success-weighted vari-
ant (sDTW) (Ilharco et al., 2019) to measure
the spatio-temporal similarity between the pre-
dicted and ground-truth trajectories, capturing
how well the model adheres to the intended
geometric path.

• Trajectory Error: Accuracy is quantified
through Absolute Trajectory Error (ATE),
which measures the global translation drift,
and Relative Pose Error (RPE), which evalu-
ates local frame-to-frame drift and rotational
consistency.

• Path Length: We compare the total distance
of the Predicted (Pred) trajectory against the
Ground Truth (GT) to identify behaviors
such as excessive looping (over-generation)
or premature stopping.

• Navigation Error: To assess terminal preci-
sion, we measure the final distance discrep-
ancy (Nav) and the final heading misalign-
ment (Dir) between the predicted agent’s pose
and the target destination.

G.3.6 View-Syn
For tasks with static observers, such as Top-down
View, 3D Dollhouse View, and SLAG, we employ

View-Syn, a distributional evaluator that measures
the alignment between synthesized and GT visual
sequences. Given that fixed perspectives constrain
explicit pose extraction, we utilize Fréchet Video
Distance (FVD) (Unterthiner et al., 2019) for video-
generating models to capture temporal and spatial
dynamics. For image-generating models, we apply
Fréchet Inception Distance (FID) (Heusel et al.,
2017) by extracting the final frame from each GT
navigation video to serve as the reference image,
comparing it against the generated outputs. To en-
sure consistency across the evaluation suite, we
normalize the raw FVD and FID values into the
unit interval [0, 1]. We define the normalized score
S such that a lower distributional distance corre-
sponds to a higher alignment score:

S = max

(
0,min

(
1, 1− d− dmin

dmax − dmin

))
(1)

, where d ∈ {FID, FVD} represents the raw dis-
tributional metric, while dmin and dmax denote
the empirical bounds of the metric’s distribution.
Thus, the higher the normalized FVD or FID,
the better the quality of generated videos or im-
ages. GT sequences are curated by recording an
agent’s shortest-path navigation from synchronized
fixed-camera viewpoints within the simulator. This
methodology provides a high-level proxy for tem-
poral coherence and semantic goal-verification,
evaluating the model’s ability to synthesize transi-
tions within a global reference frame where tradi-
tional geometric alignment is inapplicable.

To comprehensively evaluate the performance of
view synthesis, we utilize five distinct metrics that
capture both perceptual quality and distributional
similarity:

• Fréchet Video Distance (FVD) (Unterthiner
et al., 2019): Measures the temporal and spa-
tial distribution alignment between synthe-
sized and ground-truth video sequences.

• Fréchet Inception Distance (FID) (Heusel
et al., 2017): Evaluates the visual quality
and diversity of image generation by compar-
ing feature distributions of final synthesized
frames against reference images.

• Structural Similarity Index Measure
(SSIM) (Wang et al., 2004): Assesses the
degradation of structural information, focus-
ing on luminance, contrast, and pixel-wise
spatial correlation.
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• Learned Perceptual Image Patch Similar-
ity (LPIPS) (Zhang et al., 2018): Utilizes
deep features to measure the perceptual dis-
tance between frames, aligning more closely
with human visual judgment than traditional
heuristics.

• Peak Signal-to-Noise Ratio (PSNR): Quan-
tifies the ratio between the maximum possible
power of a signal and the power of corrupt-
ing noise, serving as a standard measure for
reconstruction quality.

G.4 Overall Evaluation Results
We evaluate embodied navigation with one final
score per task, matching the four embodied rows
in Table 4. The comparative final-score summary
is reported in Table 26; later fine-grained tables
are diagnostic breakdowns for the model subsets
available in the original detailed runs.

G.4.1 Comparative Analysis of Generators
As detailed in Table 26, Nano-banana Pro leads
all four embodied tasks: Last-Mile Navigation
(75.83%), Top-down View Navigation (33.05%),
3D Real-World Navigation (85.00%), and SLAG
(37.29%). The base Nano-banana model remains
strong on Last-Mile and 3D navigation, while GPT-
image-1.5 is the most competitive non-Nano image
model. Among video models, Veo-3 is competitive
on Last-Mile Navigation (60.00%) but falls sharply
on Top-down View and SLAG, showing that tem-
poral generation does not reliably preserve goal
state, geometry, and cross-view alignment.

Performance varies significantly by task com-
plexity:

• Last-Mile Navigation: Nano-banana Pro
(75.83%) and Nano-banana (74.17%) lead,
while Veo-3 is the strongest video model at
60.00%.

• Top-down View Navigation: This task is the
hardest embodied row overall. Nano-banana
Pro leads at 33.05%, with GPT-image-1.5 sec-
ond at 26.27% and Veo-3 third at 19.49%.

• 3D Real-World Navigation: Nano-banana
Pro reaches 85.00%, followed by Nano-
banana (79.17%) and GPT-image-1.5
(77.92%). Video models remain below 25%.

• SLAG: Nano-banana Pro leads at 37.29%, fol-
lowed by GPT-image-1.5 (31.36%) and Nano-

banana (28.79%). The low video scores high-
light persistent cross-view alignment failures.

G.5 Key Observations
In this section, we distill the key insights that
emerge from evaluating state-of-the-art video and
image generation models across the four embodied
navigation tasks. These findings offer a high-level
view of current strengths and limitations, setting
the stage for deeper investigation. The task-
specific tables below are diagnostic fine-grained
breakdowns from the original subset runs, so
their model coverage can be narrower than the
final-score summary in Table 26. In the following
sections—Sections H.3, I.3, J.3 and K.3—we
introduce each subtask in detail and provide com-
prehensive quantitative and qualitative analyses.

Finding 1: Strong Capability in Ego-Centric
Navigation Video Generation. Our results in-
dicate that video generation models possess a sur-
prisingly robust capability for third-person, over-
the-shoulder perspective navigation generation. Be-
yond simple frame coherence, these models demon-
strate abilities that have been a long-pursuing goal
in embodied navigation (Batra et al., 2020; An-
derson et al., 2018), such as the understanding of
scene layouts (Li et al., 2023; Fuentes-Pacheco
et al., 2015; Henriques and Vedaldi, 2018) and se-
mantic meanings (Cartillier et al., 2021; Chaplot
et al., 2020a; Zhou et al., 2025a; Irshad et al., 2022;
Wani et al., 2020; Blanco et al., 2008; Konolige
et al., 2011; Gomez et al., 2020; An et al., 2023),
effectively recognizing goal objects and maintain-
ing contextual consistency even when the agent’s
body is visible within the frame. Notably, they
exhibit strong capabilities in imagining spatial re-
lationships (Koh et al., 2021; Qin et al., 2025b;
Sridhar et al., 2024; Bar et al., 2025; Shah et al.,
2025), allowing them to consistently model the
geometric interaction between the agent and the
environment. This confirms that video diffusion
models implicitly learn powerful geometric priors
and environment continuity, which are critical for
perceiving the immediate surroundings from an
embodied perspective. However, such spatial imag-
ination does not translate into functional navigation
except in the Panoramic View Last-Mile Naviga-
tion task. Only when the goal is already visible,
and the required trajectory is short and locally con-
strained, do models like Veo-3 achieve meaningful
success rates. For longer-horizon or multi-view
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Table 26: Final task-level scores for Embodied Navigation. Scores match the four embodied rows in Table 4;
subsequent fine-grained tables report diagnostic subset metrics for the model sets available in the original detailed
runs.

Task Veo-3 Sora-2 Wan-2.2 Nano-banana Nano-banana Pro GPT-4o-image GPT-image-1.5 Qwen-image

Last-Mile Nav. 60.00% 0.00% 14.17% 74.17% 75.83% 0.00% 55.84% 16.67%
Top-down View Nav. 19.49% 3.39% 5.09% 11.11% 33.05% 3.39% 26.27% 5.08%
3D R.-W. Nav. 22.50% 0.00% 24.17% 79.17% 85.00% 13.33% 77.92% 38.33%
SLAG 11.02% 12.50% 0.85% 28.79% 37.29% 16.67% 31.36% 6.78%

settings, their ability to reason over distance, occlu-
sion, or multi-step spatial transformations rapidly
deteriorates, exposing the gap between ego-centric
perception and actionable planning.

Finding 2: Free-form Generation is Insufficient
for Navigation. Tasks requiring controlled move-
ment, like Top-down View Real-World Navigation,
SLAG, and Instruction-based Target Search, reveal
a consistent failure pattern: video models excel at
producing aesthetically coherent frames but fail
to follow navigation constraints. Models such
as Sora-2 often generate plausible but irrelevant
motion, drift off the intended path, or remain static
despite instructions. Even with perfect semantic
grounding (e.g., Sora-2 achieving 87.35% Object
Semantic Score), Success Scores remain near
zero, underscoring that generative quality does not
equal navigational utility. The inability to reliably
execute directed motion suggests that current video
models lack mechanisms for consistent temporal
control, trajectory commitment, or adherence to
spatial rules imposed by the prompt.

Finding 3: Cross-View Spatial Alignment Ex-
ists, But Must Be Explicitly Activated. Our
SLAG experiments reveal an unexpected finding:
while trajectory alignment remains highly challeng-
ing, scene consistency improves markedly when
models are evaluated in a cross-view alignment
framework. In SLAG, aligning generated motion
with a 2D top-down map forces the model to main-
tain geometric coherence across viewpoints, and
this pressure appears to activate latent spatial pri-
ors that remain unused in other tasks. Veo-3, in
particular, maintains high Scene Consistency even
when its navigation fails, suggesting robust internal
world modeling. However, this ability does not
emerge in free-form video generation or text-only
prompting. It requires structured multimodal con-
ditioning, indicating that cross-view alignment is a
learnable but currently underutilized capability in
video models.

Additional Profile of Strengths and Weaknesses.
Our results suggest a preliminary “navigation capa-
bility profile” for video generation models:

• Strengths: strong semantic grounding, accu-
rate object identity preservation, coherent ego-
centric spatial reasoning, and latent ability for
cross-view geometric alignment.

• Weaknesses: poor rule-following under long-
horizon instructions, inability to maintain
goal-directed motion, hallucination under ab-
stract destination descriptions (e.g., Veo-3 gen-
erating an entirely new scene matching the
semantic description), and brittleness to envi-
ronmental complexity.

Summary. Taken together, these findings sug-
gest that current video generation models possess
strong ego-centric spatial perception, semantic
grounding, and latent cross-view alignment ca-
pability, but they fail to reliably execute goal-
driven navigation under free-form generation.
Their cross-view understanding must be explicitly
elicited through structured multimodal constraints
such as SLAG, while long-horizon trajectory con-
trol and rule following remain largely unsolved. In
the following sections, we provide detailed analy-
ses for each navigation task, including fine-grained
quantitative and qualitative breakdowns.

H Panoramic View Last-Mile Navigation
(Last-Mile Nav.)

H.1 Task Definition

The Panoramic View Last-Mile Navigation task
evaluates fine-grained, embodied decision-making
when a target is already within the agent’s visual
field. Distinct from large-scale route planning, last-
mile navigation isolates the critical final phase of
movement: precisely localizing a visible goal and
generating an optimal short-horizon trajectory
toward it. In this setting, the model receives a
single panoramic RGB observation and must infer

26724



a feasible motion plan leading directly to the des-
tination. Targets are either explicitly defined by a
red marker or implicitly specified via object-class
descriptions, necessitating a synthesis of geometric
reasoning and semantic recognition. A success-
ful execution by Veo-3 is illustrated in Figure 20.
Ultimately, this task probes a model’s capacity to
interpret egocentric 360◦ spatial layouts, estimate
relative pose and depth, and execute precise actions
to bridge perception and control in the final meters
of navigation.

H.2 Evaluation and Metrics
Evaluating navigation-conditioned video genera-
tion presents a dual challenge: quantifying geo-
metric precision while ensuring visual-semantic
fidelity. Our framework explicitly assesses whether
the agent executes plausible motion, maintains
structural consistency, and preserves the semantic
integrity of the destination. All metrics are binary
(pass/fail) and come from the rollout traces and
generated frames.

We adopt the shared embodied evaluation pro-
tocol in Section G.3: all metrics are binary and
labeled via the automatic VLM/human rules on
the rollout traces and generated frames. The
Physical Understanding and Instruction Following
checks (Object Semantic, Agent Consistency, Spa-
tial Alignment, Destination Integrity, Scene Con-
sistency) are unchanged; here we only note how
task completeness metrics are used for Panoramic
Last-Mile Navigation and how the gated scores are
formed.

H.2.1 Task Completeness Metrics (Geometry
Only)

These metrics isolate navigational accuracy, eval-
uating whether the agent reaches the destination
based purely on geometric coordinates. Visual
fidelity and physical consistency are excluded here
and assessed by subsequent metrics.

• Success Score 3D (S.S. 3D). Measures
whether the final state of the agent coincides
with the target location. This metric is strictly
geometric; it is satisfied if the agent terminates
its trajectory within the defined volume of the
destination, regardless of visual preservation.

• Oracle Success Score 3D (O.S. 3D). A re-
laxed variation of Success Score 3D that cred-
its the agent for reaching the target at any
point during the trajectory. The metric passes

if the agent enters the destination’s proxim-
ity threshold at any timestep, irrespective of
where it ultimately stops.

H.2.2 Gate Metrics and Holistic Performance
To ensure a rigorous assessment, we introduce com-
posite “Gate Metrics” that intersect geometric suc-
cess with semantic and physical validity. These
metrics serve as strict filters, disqualifying trajecto-
ries that achieve goal conditions through generative
artifacts such as hallucination or geometry warp-
ing.

• Success (3D) with Original Destination.
This metric imposes a strict visual-geometric
consistency check. It counters the tendency
of generative models to exploit scene manip-
ulation—such as fabricating a target at the
agent’s feet or warping the room layout—to
satisfy stopping conditions artificially. A tra-
jectory is successful under this metric only
if it satisfies the Success Score 3D (S.S. 3D)
while simultaneously passing the Destination
Integrity (Des. Inte.) and Scene Consistency
(Scene Con.) checks.

• Physics Validity. A holistic measure of phys-
ical plausibility, ensuring that movement is
grounded in reality rather than dream-like tran-
sitions. Geometric success is disregarded if
the agent violates fundamental physical laws.
This metric requires the simultaneous satis-
faction of three conditions: (1) Object Se-
mantic Score (Obj. Sem.) (no collisions);
(2) Agent Consistency Score (Agent Con.)
(identity persistence); and (3) Spatial Align-
ment Score (Spa. Ali.) (pose coherence).

• Overall Success = Success Score 3D ∧ Or-
acle Success Score 3D ∧ Object Semantic
∧ Agent Consistency ∧ Spatial Alignment ∧
Destination Integrity ∧ Scene Consistency;
a sample passes only when all seven binary
checks are 1. This strict criterion highlights
that strong performance on individual metrics
does not guarantee successful, plausible end-
to-end task completion.

H.3 Evaluation Results
Key Finding: Model Capabilities & The Evalua-
tion Gap.

• Performance Stratification: In the selected
diagnostic subset, results are sharply stratified:
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Frame 1 Frame 2 Frame 3 Frame 4

Frame 5 Frame 6 Frame 7 Frame 8

Start Position: The robot’s position
Goal: The red area

Figure 20: A successful case completed by Veo-3 on the Panoramic View Last-Mile Navigation task. The model
navigates the final segment of the route from a first-person panoramic viewpoint, demonstrating coherent mental
mapping, spatial awareness, and accurate localization needed to reach the precise target destination.

Veo-3 and Nano-banana function, while Sora-
2 and GPT-4o fail completely. Surprisingly,
the image-based Nano-banana often outper-
forms Veo-3 in complex environments and
instruction following.

• Auto-Metric Failure: A massive reliabil-
ity gap exists between evaluation methods.
Auto-metrics rate Veo-3 at 73.33% success,
while humans rate it at only 25.00%. Auto-
evaluators successfully track camera motion
but fail to penalize physical hallucinations and
logic violations.

H.3.1 VLM-Based Evaluation
The diagnostic subset results in Table 27 reveal
a distinct stratification in model capabilities for
the Panoramic View Last-Mile Navigation task.
Within this selected model set, the performance
landscape is strictly binary: Veo-3 and Nano-
banana demonstrate functional navigation capa-
bilities, while Sora-2 and GPT-4o-image fail to
complete the task entirely (0.00% Overall Success).

Top-Tier Performance (Veo-3 vs. Nano-banana).
While Veo-3 is the primary video model of interest,
Nano-banana serves as a surprisingly robust base-
line, frequently outperforming the video model in
complex scenarios.

• Environmental Robustness: In simple envi-
ronments (floor01), both models achieve par-
ity with a 73.33% Overall Success rate. How-
ever, as environmental complexity increases
(floor02plus), Veo-3’s performance degrades
sharply to 46.67%, whereas Nano-banana
maintains a high success rate of 75.00%.

• Visual Fidelity Scaling: A notable diver-
gence occurs in how the models handle visual
quality. Nano-banana exhibits positive scaling
with fidelity, improving from 60.00% success
at quality03 to 82.50% at quality05. In con-
trast, Veo-3 plateaus, peaking at only 62.50%
regardless of increased visual fidelity.

Instruction Following Capabilities. A critical
differentiator found in the results is the response to
destination specifications.

• Visual vs. Textual Guidance: When the
destination is specified by a visual marker
(color mark), both models perform compa-
rably (≈70%).

• Descriptive Navigation: When the destina-
tion is defined by text instructions (location
description), Veo-3 struggles, dropping to
50.00% success. Conversely, Nano-banana
excels, achieving its highest success rate of
78.33%. This suggests that while Veo-3 offers
superior temporal consistency (Agent Con-
sistency >93% across most settings), Nano-
banana possesses superior multimodal under-
standing, allowing it to map textual descrip-
tions to visual goals more effectively.

Navigation Failures (Sora-2 and GPT-4o-image).
The failing models illustrate two distinct modes of
error.

• Static vs. Dynamic Failure: GPT-4o-image
achieves high Object Semantic Scores (up to
100%) but fails to generate the temporal tra-
jectory required for navigation, resulting in a
0.00% success rate.
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• Steerability Failure: Sora-2 presents a “steer-
ability” problem. While it maintains decent
Physical Understanding (e.g., 88.33% Object
Semantic Score in floor01) and generates co-
herent video, it lacks Destination Integrity
(0.00%). The model hallucinates plausible
scenes but cannot be constrained to a specific
coordinate or target path.

Impact of Trajectory Distance. As anticipated,
performance for the leading video model, Veo-
3, degrades with trajectory length, dropping from
66.67% (Short) to 53.33% (Long). Nano-banana
remains more resilient to distance, maintaining a
66.67% success rate even on long trajectories, fur-
ther validating the robustness of image-based step-
wise generation over holistic video generation for
this specific navigation benchmark.

H.3.2 Geo-Align Evaluation
H.4 Case Study: Qualitative Failure Modes

This case study, visualized in Figure 21, evaluates
the “world modeling” capabilities of video genera-
tion models during a last-mile navigation task. In
this scenario, a humanoid robot must traverse a 3D
environment to reach a specific target marked on
the floor. The analysis reveals that while models
can generate plausible motion, they suffer from dis-
tinct breakdowns in object permanence, physical
laws, and instruction grounding.

Veo-3 (Temporal Identity Collapse). Initially,
Veo-3 demonstrates strong spatial reasoning. The
agent successfully perceives a pillar as a solid ob-
stacle and navigates around it, exhibiting valid col-
lision avoidance. However, the generation fails crit-
ically in Agent Consistency at the 5-second mark.
The model suffers from a “doppelgänger” halluci-
nation, where a second agent spontaneously man-
ifests and approaches the camera while the initial
agent retreats. This loss of agent identity results in
an Oracle Success Score of 0, as the intended actor
never completes the trajectory.

Sora-2 (Semantic and Physical Drift). Sora-2
struggles to maintain the fundamental constraints
of the scene. By Frame 2s, it exhibits severe
semantic drift, abruptly shifting the visual style
and ungrounding the instruction: the model
incorrectly remaps the red target marker from the
floor to a vertical wall. Furthermore, the physics
engine collapses; the agent is observed floating
on a non-existent “air platform” and subsequently

clipping through a solid railing. This confirms
that Sora-2 prioritizes visual fluidity over collision
geometry or logical consistency.

Wan-2.2 (Environmental Instability). In con-
trast to the others, Wan-2.2 maintains high Agent
Consistency, producing smooth, continuous motion
without teleportation or scaling artifacts. However,
it fails to maintain the “stage” around the actor. As
the camera angle shifts (Frame 2s), the model suf-
fers from background object permanence failures,
inexplicably erasing a glass door and hallucinating
new pillars within the room. While it preserves
Destination Integrity better than Sora-2 (keeping
the target relative to the agent), the volatility of the
environment ultimately prevents successful naviga-
tion.

I Top-down View Real-World Navigation
(Top-down View Nav.)

I.1 Task Definition
The Top-down Real-World Navigation task bench-
marks a model’s ability to synthesize advanced
spatial reasoning with semantic understanding in
complex, human-centric environments. This task
requires models to interpret diverse and partially
occluded top-down layouts—such as floor plans—
to generate optimal trajectories. Simultaneously,
it tests robust semantic grounding by demanding
goal identification based on textual descriptions of
varying abstraction.

I.2 Evaluation and Metrics
We adopt the shared embodied evaluation proto-
col in Section G.3: Physical Understanding and
Instruction Following checks (Object Semantic,
Agent Consistency, Spatial Alignment, Destination
Integrity, Scene Consistency) are unchanged. Here
we only note how task completeness metrics are
used for Top-down View Real-World Navigation
and how the gated scores are formed.

I.2.1 Task Completeness Metrics (Geometry
Only)

These metrics isolate navigational accuracy, eval-
uating whether the agent reaches the destination
based purely on geometric coordinates. Visual
fidelity and physical consistency are excluded here
and assessed by subsequent metrics.

• Success Score 2D (S.S. 2D). This metric eval-
uates whether the agent terminates its trajec-
tory strictly within the designated goal region
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Table 27: Quantitative results for the Panoramic View Last-Mile Navigation benchmark. We compare performance
across two video generative models (Veo-3 and Sora-2) and two image generative models (Nano-banana, and GPT-
4o-image).

Task Completeness Physical Understanding Instruction Following Gate Metric Holistic Metric

Model
Success
Score
(3D)

Oracle
Success

Score (3D)

Object
Semantic

Score

Agent
Consistency

Score

Spatial
Alignment

Score

Destination
Integrity

Score

Scene
Consistency

Score

Success (3D)
Original

Destination

Physics
Validness

Overall
Success

Environmental Complexity
Level: floor01
Video Models

Veo-3 90.00% 90.00% 93.33% 93.33% 93.33% 90.00% 98.33% 90.00% 81.67% 73.33%
Sora-2 0.00% 1.67% 93.33% 88.33% 93.33% 0.00% 0.00% 0.00% 81.67% 0.00%

Image Models
Nano-banana 76.67% 80.00% 96.67% 88.33% 88.33% 80.00% 91.67% 75.00% 88.33% 73.33%
GPT-4o-image 0.00% 0.00% 100.00% 1.67% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00%

Level: floor02plus
Video Models

Veo-3 58.33% 66.67% 95.00% 93.33% 91.67% 55.00% 91.67% 55.00% 83.33% 46.67%
Sora-2 0.00% 0.00% 81.36% 77.97% 76.27% 0.00% 1.69% 0.00% 64.41% 0.00%

Image Models
Nano-banana 80.00% 80.00% 96.67% 90.00% 86.67% 80.00% 90.00% 78.33% 86.67% 75.00%
GPT-4o-image 0.00% 0.00% 91.67% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00%

View Fidelity
Level: quality03
Video Models

Veo-3 72.50% 80.00% 92.50% 92.50% 90.00% 70.00% 92.50% 70.00% 77.50% 55.00%
Sora-2 0.00% 2.56% 79.49% 82.05% 76.92% 0.00% 2.56% 0.00% 69.23% 0.00%

Image Models
Nano-banana 62.50% 62.50% 92.50% 87.50% 82.50% 62.50% 80.00% 62.50% 82.50% 60.00%
GPT-4o-image 0.00% 0.00% 90.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00%

Level: quality04
Video Models

Veo-3 75.00% 75.00% 95.00% 95.00% 90.00% 75.00% 97.50% 75.00% 82.50% 62.50%
Sora-2 0.00% 0.00% 85.00% 80.00% 87.50% 0.00% 0.00% 0.00% 67.50% 0.00%

Image Models
Nano-banana 85.00% 90.00% 100.00% 87.50% 87.50% 90.00% 92.50% 80.00% 87.50% 80.00%
GPT-4o-image 0.00% 0.00% 100.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00%

Level: quality05
Video Models

Veo-3 75.00% 80.00% 95.00% 92.50% 97.50% 72.50% 95.00% 72.50% 87.50% 62.50%
Sora-2 0.00% 0.00% 97.50% 87.50% 90.00% 0.00% 0.00% 0.00% 82.50% 0.00%

Image Models
Nano-banana 87.50% 87.50% 97.50% 92.50% 92.50% 87.50% 100.00% 87.50% 92.50% 82.50%
GPT-4o-image 0.00% 0.00% 97.50% 2.50% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00%

Trajectory Distance
Level: short
Video Models

Veo-3 81.67% 83.33% 96.67% 93.33% 90.00% 80.00% 98.33% 80.00% 83.33% 66.67%
Sora-2 0.00% 0.00% 88.33% 83.33% 85.00% 0.00% 1.67% 0.00% 76.67% 0.00%

Image Models
Nano-banana 86.67% 86.67% 98.33% 93.33% 91.67% 86.67% 95.00% 85.00% 91.67% 81.67%
GPT-4o-image 0.00% 0.00% 95.00% 1.67% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00%

Level: long
Video Models

Veo-3 66.67% 73.33% 91.67% 93.33% 95.00% 65.00% 91.67% 65.00% 81.67% 53.33%
Sora-2 0.00% 1.69% 86.44% 83.05% 84.75% 0.00% 0.00% 0.00% 69.49% 0.00%

Image Models
Nano-banana 70.00% 73.33% 95.00% 85.00% 83.33% 73.33% 86.67% 68.33% 83.33% 66.67%
GPT-4o-image 0.00% 0.00% 96.67% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00%

Destination Specification
Level: color mark
Video Models

Veo-3 83.33% 88.33% 96.67% 93.33% 93.33% 80.00% 93.33% 80.00% 85.00% 70.00%
Sora-2 0.00% 1.69% 86.44% 77.97% 81.36% 0.00% 0.00% 0.00% 67.80% 0.00%

Image Models
Nano-banana 76.67% 80.00% 95.00% 85.00% 81.67% 80.00% 86.67% 73.33% 81.67% 70.00%
GPT-4o-image 0.00% 0.00% 93.33% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00%

Level: location description
Video Models

Veo-3 65.00% 68.33% 91.67% 93.33% 91.67% 65.00% 96.67% 65.00% 80.00% 50.00%
Sora-2 0.00% 0.00% 88.33% 88.33% 88.33% 0.00% 1.67% 0.00% 78.33% 0.00%

Image Models
Nano-banana 80.00% 80.00% 98.33% 93.33% 93.33% 80.00% 95.00% 80.00% 93.33% 78.33%
GPT-4o-image 0.00% 0.00% 98.33% 1.67% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00%
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Table 28: The quantitative results reveal a distinct stratification in model capabilities for the Panoramic View
Last-Mile Navigation task. The performance landscape is strictly competitive: Veo-3 demonstrates superior
navigation fidelity across all environments, while Sora-2 and Wan-2.2 show significant degradation in success rates
and path efficiency (SPL) as environmental complexity increases.

Task Success Path Fidelity Trajectory Error Path Length Navigation Error

Model SR SPL nDTW sDTW ATE RPE Pred GT Nav Dir

Environmental Complexity
Level: floor01

Veo-3 83.3% 50.6% 53.9% 48.7% 0.91 0.37 6.80 3.56 0.66 11.18
Sora-2 55.0% 26.5% 41.7% 29.0% 1.70 0.60 11.43 3.56 1.40 14.02
Wan-2.2 53.3% 31.7% 44.5% 32.6% 2.65 0.77 16.48 3.56 1.46 24.06

Level: floor02plus
Veo-3 50.0% 32.3% 41.1% 28.7% 1.46 0.48 8.61 3.75 1.60 19.47
Sora-2 25.0% 9.9% 32.0% 13.7% 1.85 0.59 10.90 3.75 2.00 17.13
Wan-2.2 33.9% 14.9% 34.5% 17.7% 1.74 0.60 11.00 3.75 1.61 16.61

View Fidelity
Level: quality03

Veo-3 62.5% 42.5% 46.0% 35.3% 1.20 0.37 7.98 4.43 1.10 12.39
Sora-2 22.5% 10.7% 32.2% 11.8% 2.09 0.57 12.60 4.43 2.14 16.71
Wan-2.2 37.5% 22.5% 38.3% 21.5% 3.41 0.78 19.82 4.43 1.68 17.28

Level: quality05
Veo-3 77.5% 46.8% 53.2% 47.2% 0.93 0.39 6.53 3.08 0.83 14.28
Sora-2 50.0% 23.0% 40.8% 28.1% 1.64 0.63 10.98 3.08 1.59 14.80
Wan-2.2 52.5% 29.2% 45.0% 31.8% 1.41 0.53 9.01 3.08 1.27 19.79

Trajectory Complexity
Level: noturn

Veo-3 67.2% 37.5% 49.0% 39.4% 1.06 0.46 6.83 2.84 0.91 14.98
Sora-2 48.3% 21.4% 40.8% 26.9% 1.50 0.57 9.06 2.84 1.48 16.13
Wan-2.2 53.4% 28.2% 43.9% 31.4% 1.31 0.57 8.54 2.84 1.25 18.55

Level: oneturn
Veo-3 67.2% 46.1% 46.4% 38.8% 1.29 0.38 8.52 4.47 1.32 15.38
Sora-2 32.8% 15.6% 33.3% 16.4% 2.04 0.61 13.28 4.47 1.91 14.92
Wan-2.2 34.5% 18.9% 35.5% 19.4% 3.11 0.81 19.13 4.47 1.81 22.38

Destination Specification
Level: color

Veo-3 63.8% 39.3% 47.9% 37.5% 1.08 0.41 7.40 3.65 1.11 16.17
Sora-2 31.0% 13.9% 34.1% 17.1% 1.89 0.66 11.93 3.65 1.89 18.92
Wan-2.2 37.9% 19.3% 36.4% 21.8% 2.93 0.85 17.64 3.65 1.84 26.49

Level: object
Veo-3 70.7% 44.3% 47.4% 40.7% 1.26 0.43 7.95 3.65 1.12 14.19
Sora-2 50.0% 23.1% 39.9% 26.2% 1.65 0.52 10.42 3.65 1.50 12.12
Wan-2.2 50.0% 27.9% 43.0% 29.0% 1.49 0.53 10.02 3.65 1.22 14.44
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Prompt Text: 
    Create a photorealistic video depicting a humanoid robot performing "last mile" navigation. The robot 
must traverse a static, 3D panoramic environment populated with obstacles (furniture/walls) to navigates 
directly toward a bright red (#ff0000) target area marked on the floor. The camera must move smoothly to 
follow the robot, in a Third-person, "over-the-shoulder" view, adjusting pan and tilt to keep both the agent 
(foreground) and the red target (background) continuously in frame.

Input Image

Frame 1s Frame 2s

Frame 5s Frame 6s Frame 8s

Frame 4s

Object Semantic Score = 1
The agent completely walked past 
the pillar. No touch, no collision.

Scene Consistency Score = 1
It maintained the input scene 
detail and the scene style.

Spatial Alignment Score = 0
The new agent approaches frontally while the 
initial agent retreats; both maintain precise 
heading-to-movement synchronization 
relative to the camera's viewpoint.

Object Semantic Score = 1
The agent recognized the pillar is 
an impassable obstacle.

(Oracle) Success Score (3D) = 0
The initial agent did not arrive at the 
destination and didn’t ever arrive there, 
though the created agent did.

Agent Consistency Score = 0
One new agent suddenly occurs.

Veo-3

Frame 2s Frame 4s

Frame 8s Frame 10s Frame 12s

Frame 6s

Destination Integrity Score = 0
It revised the red marked area from 
on the floor to on the wall.

Object Semantic Score = 0
The agent stood on a ‘air’ platform 
near the stairs.

Agent Consistency Score = 1
The agent walked with smooth motion, 
no teleportation, no frame jumps, and 
consistent scale.

Scene Consistency Score = 0
It created a new scene in a new 
video style.

(Oracle) Success Score (3D) = 0
The agent did not arrive at the 
destination, and didn’t ever arrive there.

Object Semantic Score = 0
The agent walked through the 
railing.

Sora-2

Frame 0s Frame 1s

Frame 3s Frame 4s Frame 5s

Frame 2s

Object Semantic Score = 1
The agent recognized the pillar is 
an impassable obstacle.

Scene Consistency Score = 0
As the camera unreasonably rose in 
height, it removed the glass door and 
created some pillars inside.

Agent Consistency Score = 1
The agent walked with smooth motion, 
no teleportation, no frame jumps, and 
consistent scale.

Scene Consistency Score (tmp) = 1
It maintained the input scene 
detail and the scene style.

(Oracle) Success Score (3D) = 0
The agent did not arrive at the 
destination although it is very close.

Destination Integrity Score = 1
Although the indoor scene has 
changed, the location of the 
marked area remains the same.

Wan2.2

Figure 21: Qualitative Comparison on Panoramic View Last-Mile Navigation. We analyze three models (Veo-3,
Sora-2, and Wan-2.2) navigating toward a red target. The figure highlights distinct failure modes: Veo-3 suffers
from agent inconsistency (hallucinating a second agent), Sora-2 exhibits severe geometric and physical violations
(style shift, clipping through railings), and Wan-2.2 struggles with scene stability (altering structural elements like
doors and pillars) despite smooth agent motion.
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Frame 1 Frame 2 Frame 3 Frame 4

Frame 5 Frame 6 Frame 7 Frame 8

Start Position: The blue triangle
Goal: The red area

Figure 22: Top-down View Real-World Navigation task showing bird’s-eye view navigation. The model must
interpret the abstract 2D map representation and plan a path from start to goal, demonstrating 2D spatial reasoning
and temporal reasoning from a global perspective. A successful case completed by Veo-3 on the Top-down View
Real-World Navigation task.

in the top-down 2D view. Success is achieved
if and only if the agent’s final position is con-
tained entirely within the goal footprint.

• Oracle Success Score 2D (O.S. 2D). This
metric determines if the agent encounters the
goal region at any point during the rollout,
regardless of the stopping location. Credit
is awarded if the agent’s trajectory intersects
with or passes adjacent to the 2D goal bound-
ary at any timestep.

I.2.2 Gate Metrics and Holistic Performance
As in Panoramic Last-Mile Navigation, gates guard
against generative shortcuts, but here the challenge
comes from the 2D top-down view: success must
hold on a static map, and Physical Validness is
stricter because object recognition and agent orien-
tation are blurrier from overhead.

• Success (2D) Original Destination. This
composite metric mitigates the tendency of
video generation models to hallucinate solu-
tion shortcuts. It is satisfied if and only if the
Success Score 2D, Destination Integrity Score,
and Scene Consistency Score are met simulta-
neously. This ensures that successful arrival is
valid and not the result of the model altering
the scene layout or destination coordinates to
simplify the task.

• Physical Validity. To enforce physical real-
ism, this composite metric acts as a strict con-
sistency check. It is satisfied only when the
Object Semantic Score, Agent Consistency

Score, and Spatial Alignment Score are si-
multaneously met. This precludes physical
anomalies such as object clipping, teleporta-
tion, or unnatural drift.

• Overall Success = Success Score 2D ∧ Oracle
Success Score 2D ∧ Object Semantic ∧ Agent
Consistency ∧ Spatial Alignment ∧ Destina-
tion Integrity ∧ Scene Consistency; a sample
passes only when all seven binary checks are
1.

Finally, across all embodied navigation tasks, we
introduce the Overall metric to evaluate holistic
performance. A sample is considered successful
only if all fine-grained evaluation metrics are satis-
fied. This strict criterion demonstrates that strong
performance on individual sub-metrics does not
guarantee successful end-to-end task completion.

I.3 Evaluation Results

Key Finding: The Reality & Modality Gap.

• Physics Hallucination: Video models like
Veo-3 excel at path coherence but fail at phys-
ical realism. Automatic metrics miss this, in-
flating success rates (37.14%) compared to
human judgment (10.34%) by ignoring viola-
tions like wall-clipping.

• The Semantic Cliff: Performance drops by
>3× when instructions shift from visual mark-
ers to textual descriptions. Models struggle
significantly to ground abstract linguistic com-
mands into spatial actions.
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The Top-down Real-World Navigation task eval-
uates a model’s ability to synthesize spatial plan-
ning with semantic understanding. The following
analysis dissects model performance across envi-
ronmental complexities, instruction modalities, and
visual fidelities, followed by a critical examination
of automatic metric reliability against human judg-
ment.

I.3.1 VLM-Based Evaluation
Video vs. Image-based Navigation. In the di-
agnostic subset shown in Table 29, Veo-3 is the
strongest listed model for navigation success and
trajectory adherence; the full final-score ranking,
including newer image models, is reported in Ta-
ble 26.

• The Temporal Advantage: In the baseline
setting (floor01), Veo-3 achieves a Success
Score (2D) of 65.71%, significantly surpass-
ing the image-based Nano-banana (41.67%)
and the video-based Sora-2 (22.81%). This
advantage stems from Veo-3’s superior Spa-
tial Alignment Score (91.43%), indicating
that video generation models with strong tem-
poral attention can better maintain trajectory
coherence than frame-by-frame image genera-
tors.

• The Semantic Trade-off: Interestingly, while
Nano-banana lags in navigation, it remains
highly competitive in static recognition. It
achieves an Object Semantic Score of
88.89% in simple environments—surpassing
Veo-3 (77.14%) and Sora-2 (82.46%). This
suggests that current image models excel at
“what” is in the scene (grounding), while video
models excel at “how” to move through it (dy-
namics).

Resilience to Complexity and Noise.

• Environmental Complexity: Performance
degrades universally as environments become
more intricate. Transitioning from floor01 to
floor02plus, Veo-3’s Overall Success drops
sharply from 37.14% to 13.89%. However,
its Oracle Success Score remains robust
(83.33%), implying that the model often iden-
tifies the correct path but fails to execute it
without violating physical constraints (e.g.,
collisions), a hypothesis supported by the low
Physics Validness (33.33%).

• View Fidelity: The results indicate a posi-
tive correlation between visual quality and
navigation success for video models. Veo-
3’s Overall Success improves from 20.83% in
lower fidelity settings (quality03) to 29.17%
in higher fidelity (quality04), suggesting that
clearer visual cues are critical for maintaining
the “driver” capability in video generation.

Instruction Following: The Modality Gap. A
distinct performance gap exists between visual and
textual grounding (see Destination Specification).

• Visual Markers: When targets are specified
via a simple “color mark,” Veo-3 achieves a
robust Overall Success of 38.89%.

• Textual Descriptions: When targets require
semantic parsing (“location description”), suc-
cess rates collapse. Veo-3 falls to 11.43%, and
Nano-banana drops to 8.33%. This confirms
that mapping abstract linguistic descriptions
to spatial layouts remains a significant hurdle
compared to direct visual matching.

I.3.2 View-Syn Evaluation
I.4 Case Study: Qualitative Failure Modes
This analysis, presented in Figure 23, exam-
ines the performance of three video generation
models—Veo-3, Sora-2, and Wan-2.2—on a top-
down embodied navigation task. Each model is
instructed to generate a video depicting an agent
navigating from a blue triangular start position to a
red target within a static environment, enabling a
direct comparison of their spatial reasoning, trajec-
tory consistency, and goal-directed behavior.

Veo-3: Strong Spatial Grounding with Con-
trol and Termination Failures. Veo-3 exhibits
the strongest initial spatial grounding among the
three models, correctly identifying the agent’s start-
ing position at the blue triangle and demonstrating
partial semantic awareness of obstacles. In partic-
ular, the agent recognizes the sofa as a navigable
obstruction and initially routes around it. However,
the generation deteriorates due to failures in move-
ment physics and action termination. The agent
displays a critical orientation error, moving later-
ally to the left while facing forward, which results
in a Spatial Alignment Score of 0 at Frame 5s.
Although the agent briefly enters the red-marked
target region (Oracle Success Score = 1), it fails to
terminate upon arrival. Instead, the trajectory con-
tinues beyond the goal, deviates unpredictably, and
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Table 29: Quantitative results for the 2D Top-down Navigation benchmark. We compare Sora-2, Veo-3, Nano-
banana, and GPT-4o-image across various dimensions.

Task Completeness Physical Understanding Instruction Following Gate Metric Holistic Metric

Model
Success
Score
(2D)

Oracle
Success

Score (2D)

Object
Semantic

Score

Agent
Consistency

Score

Spatial
Alignment

Score

Destination
Integrity

Score

Scene
Consistency

Score

Physics
Validness

Overall
Success

Environmental Complexity
Level: floor01
Video Models

Veo-3 65.71% 85.71% 77.14% 62.86% 91.43% 65.71% 45.71% 54.29% 37.14%
Sora-2 22.81% 47.37% 82.46% 68.42% 78.95% 7.02% 8.77% 52.63% 1.75%

Image Models
Nano-banana 41.67% 52.78% 88.89% 50.00% 77.78% 33.33% 38.89% 50.00% 5.56%
GPT-4o-image 10.34% 15.52% 55.17% 6.90% 56.90% 1.72% 1.72% 6.90% 1.72%

Level: floor02plus
Video Models

Veo-3 25.00% 83.33% 61.11% 44.44% 80.56% 33.33% 45.71% 33.33% 13.89%
Sora-2 28.81% 55.93% 89.83% 54.24% 86.44% 15.25% 23.73% 49.15% 5.08%

Image Models
Nano-banana 38.89% 52.78% 86.11% 55.56% 86.11% 36.11% 66.67% 50.00% 16.67%
GPT-4o-image 16.67% 23.33% 51.67% 11.67% 41.67% 5.00% 10.00% 10.00% 5.00%

View Fidelity
Level: quality03
Video Models

Veo-3 45.83% 79.17% 66.67% 33.33% 75.00% 50.00% 43.48% 29.17% 20.83%
Sora-2 34.21% 52.63% 92.11% 63.16% 81.58% 18.42% 18.42% 57.89% 7.89%

Image Models
Nano-banana 41.67% 58.33% 83.33% 45.83% 75.00% 41.67% 58.33% 37.50% 12.50%
GPT-4o-image 21.05% 23.68% 65.79% 13.16% 57.89% 5.26% 5.26% 10.53% 5.26%

Level: quality04
Video Models

Veo-3 37.50% 83.33% 70.83% 58.33% 95.83% 41.67% 45.83% 54.17% 29.17%
Sora-2 23.08% 46.15% 87.18% 66.67% 89.74% 7.69% 17.95% 51.28% 2.56%

Image Models
Nano-banana 37.50% 50.00% 87.50% 50.00% 83.33% 33.33% 37.50% 50.00% 4.17%
GPT-4o-image 12.50% 17.50% 52.50% 12.50% 50.00% 5.00% 10.00% 12.50% 5.00%

Level: quality05
Video Models

Veo-3 52.17% 91.30% 69.57% 69.57% 86.96% 56.52% 47.83% 47.83% 26.09%
Sora-2 20.51% 56.41% 79.49% 53.85% 76.92% 7.69% 12.82% 43.59% 0.00%

Image Models
Nano-banana 41.67% 50.00% 91.67% 62.50% 87.50% 29.17% 62.50% 62.50% 16.67%
GPT-4o-image 7.50% 17.50% 42.50% 2.50% 40.00% 0.00% 2.50% 2.50% 0.00%

Trajectory Distance
Level: noturn
Video Models

Veo-3 36.11% 83.33% 61.11% 52.78% 83.33% 38.89% 54.29% 38.89% 25.00%
Sora-2 29.31% 60.34% 89.66% 62.07% 84.48% 15.52% 18.97% 48.28% 1.72%

Image Models
Nano-banana 41.67% 52.78% 88.89% 50.00% 83.33% 36.11% 52.78% 44.44% 11.11%
GPT-4o-image 20.34% 23.73% 57.63% 10.17% 57.63% 5.08% 8.47% 10.17% 5.08%

Level: oneturn
Video Models

Veo-3 54.29% 85.71% 77.14% 54.29% 88.57% 60.00% 37.14% 48.57% 25.71%
Sora-2 22.41% 43.10% 82.76% 60.34% 81.03% 6.90% 13.79% 53.45% 5.17%

Image Models
Nano-banana 38.89% 52.78% 86.11% 55.56% 80.56% 33.33% 52.78% 55.56% 11.11%
GPT-4o-image 6.78% 15.25% 49.15% 8.47% 40.68% 1.69% 3.39% 6.78% 1.69%

Destination Specification
Level: color mark
Video Models

Veo-3 52.78% 91.67% 80.56% 69.44% 91.67% 58.33% 63.89% 61.11% 38.89%
Sora-2 17.24% 53.45% 77.59% 56.90% 77.59% 12.07% 24.14% 44.83% 1.72%

Image Models
Nano-banana 58.33% 77.78% 91.67% 44.44% 86.11% 55.56% 55.56% 41.67% 13.89%
GPT-4o-image 10.34% 13.79% 39.66% 3.45% 34.48% 1.72% 3.45% 3.45% 1.72%

Level: location description
Video Models

Veo-3 37.14% 77.14% 57.14% 37.14% 80.00% 40.00% 26.47% 25.71% 11.43%
Sora-2 34.48% 50.00% 94.83% 65.52% 87.93% 10.34% 8.62% 56.90% 5.17%

Image Models
Nano-banana 22.22% 27.78% 83.33% 61.11% 77.78% 13.89% 50.00% 58.33% 8.33%
GPT-4o-image 16.67% 25.00% 66.67% 15.00% 63.33% 5.00% 8.33% 13.33% 5.00%
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Prompt Text: 
    Create a video showing an agent navigating a 2D top-down environment. The robot begins positioned on 
a bright blue (#0000ff) triangular marker, with its front aligned to the triangle‘s pointing vertex. It travels 
smoothly and efficiently toward a static red (#ff0000) target area. As the robot agent moves, it leaves a 
permanent, bright green (#00ff00) trajectory line tracing its exact path from the start point. The camera is 
single, strictly static and fixed top-down view that captures the full environment.

Input Image

Frame 1s Frame 2s

Frame 5s Frame 6s Frame 7s

Frame 4s

Object Semantic Score (tmp) = 1
The agent found the sofa an 
obstacle, and bypassed it.

Agent Consistency Score = 1
The agent moved continuously, 
despite the disconnected trajectory.

Oracle Success Score (2D) = 1
The agent arrived the red marked area. 
But it created an unexpected green 
trajectory.

Success Score (2D) = 0, 
Object Semantic Score = 0
The agent did not stop there, leaved the 
destination, and hit the sofa.

Spatial Alignment Score = 0
The agent moved horizontally to 
the left, which is inconsistent with 
its head facing forward.

Veo-3

Frame 0s Frame 2s

Frame 6s Frame 8s Frame 10s

Frame 4s

Agent Consistency Score = 1
The agent recorded its turning 
around motion.

Agent Consistency Score = 0
One new agent suddenly occurs.

(Oracle) Success Score (2D) = 1
The initial agent arrived the red marked 
area.

Scene Consistency Score = 0,
Spatial Alignment Score = 0
It created a new scene, and the 
agent didn’t start from blue area.

Destination Integrity Score = 1
The location of the marked area 
remains the same.

Object Semantic Score = 0
The agent walked through the wall 
(the black block). 

Sora-2

Frame 0s Frame 1s

Frame 3s Frame 4s Frame 5s

Frame 2s

Spatial Alignment Score = 0
It created a new agent from the 
dinning table and misunderstood 
the start point.

Agent Consistency Score = 0
The agent moved in a drifting, 
disjointed manner with legs.

(Oracle) Success Score (2D) = 0
The agent did not arrive at the 
destination although it is very close.

Scene Consistency Score = 1
It maintained the input scene 
detail and the scene style.

Destination Integrity Score = 0
It revised the red marked area from on 
the floor to a corner.

Destination Integrity Score = 1
Although the indoor scene has 
changed, the location of the 
marked area remains the same.

Wan2.2

Spatial Alignment Score (tmp) = 1
It knows where the starting point is，
although it regenerates the agent‘s 
shape and this is not the shortest route.

Figure 23: Qualitative Comparison on Top-down View Real-World Navigation. We analyze three models (Veo-3,
Sora-2, and Wan-2.2) navigating toward a red target.
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Table 30: Top-down View Real-World Navigation — Video (FVD/SSIM/PSNR/LPIPS) and Image (FID normalized);
higher is better except LPIPS

Model Modality FVD Norm ↑ FID Norm ↑ SSIM ↑ PSNR ↑ LPIPS ↓
Sora-2 Video 0.7079 – 0.4072 7.21 0.8345
Veo-3 Video 0.6731 – 0.1471 6.65 0.8800
Wan-2.2 Video 0.6285 – 0.4333 7.81 0.7955
GPT-image Image – 0.6153 – – –
Nano-banana Image – 0.6153 – – –
Qwen-image Image – 0.6003 – – –
GPT-image-1.5 Image – 0.5247 – – –
Nano-banana-pro Image – 0.4890 – – –

ultimately collides with the sofa. This post-arrival
drift causes both the Success Score and Object
Semantic Score to drop to 0, revealing a failure to
couple goal completion with action cessation.

Sora-2: Severe Scene Hallucination and
Physical Constraint Violations. Sora-2 fails to
preserve both the spatial ground truth and the phys-
ical constraints of the input environment. From
the outset, the model reconstructs an entirely new
scene in which the agent no longer originates from
the blue start location. Temporal consistency fur-
ther collapses as the generation introduces severe
hallucinations, including the spontaneous appear-
ance of a second agent at Frame 4s. The agent
also violates fundamental physical boundaries by
passing through solid obstacles (the black block),
yielding an Object Semantic Score of 0. While an
agent eventually reaches a red-marked region, the
complete loss of scene integrity and environmental
correspondence renders the navigation invalid
with respect to the original prompt, highlighting
a failure in maintaining world-state continuity.

Wan-2.2: Surface-Level Scene Consistency
with Semantic Role Confusion. Wan-2.2 pre-
serves the visual style and low-level layout of the
scene more effectively than Sora-2, achieving an
initial Scene Consistency Score of 1. However,
this apparent stability masks a deeper semantic
failure. The model misidentifies the controllable
agent, erroneously animating a dining table as the
acting entity, which immediately induces spatial
misalignment. The resulting motion is disjointed
and drifting, lacking coherent locomotion or inten-
tional control. Compounding this issue, the model
fails to maintain destination integrity: the red tar-
get region shifts from its original floor location to
a corner of the scene, causing the Destination In-
tegrity Score to drop to 0. As a result, the agent

never reaches the correct target, demonstrating that
visual fidelity alone is insufficient for semantically
grounded navigation.

J 3D Real-World Navigation (3D R.-W.
Nav.)

J.1 Task Definition

This task evaluates an agent’s foundational capabili-
ties in 3D Spatial Reasoning and Visual-Semantic
Grounding within real-world scanned environ-
ments (Chang et al., 2017; Ramakrishnan et al.,
2021; Savva et al., 2019; Anderson et al., 2018;
Zhu et al., 2017). It probes the agent’s ability to in-
terpret egocentric visual streams and parse com-
plex 3D environmental geometry using datasets
such as Matterport3D, HM3D, and Habitat (Chang
et al., 2017; Ramakrishnan et al., 2021; Chaplot
et al., 2020b). Furthermore, the task challenges
the model’s sequential decision-making by requir-
ing the generation of valid action trajectories (e.g.,
move forward, turn left) and tests its semantic rea-
soning by demanding the identification of goals
based on varied abstract or textual descriptions.

J.2 Evaluation and Metrics

We adopt the shared embodied evaluation proto-
col in Section G.3: all metrics are binary and la-
beled via the automatic VLM/human rules on roll-
out traces and generated frames. Physical Under-
standing and Instruction Following checks (Object
Semantic, Agent Consistency, Spatial Alignment,
Destination Integrity, Scene Consistency) are un-
changed; here we outline how they are applied in
3D Real-World Navigation and how the gates are
formed.
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Frame 1 Frame 2 Frame 3 Frame 4

Frame 5 Frame 6 Frame 7 Frame 8

Start Position: The robot’s position
Goal: The red area

Figure 24: 3D Real-World Navigation task showing navigation through a realistic 3D environment. The model
must navigate from a starting position to a goal location using visual cues from the third-person perspective. A
successful case completed by Veo-3 on the 3D Real-World Navigation task.

J.2.1 Task Completeness Metrics (Geometry
Only)

We report Success Score 3D and Oracle Success
Score 3D as in Section G.3, testing whether the
agent stops inside or ever enters the destination
volume. These ignore visual fidelity and physical
plausibility, which the gate metrics enforce.

• Success Score 3D (S.S. 3D). This checks
whether the agent stops at the correct location
in the 3D navigation sequence. The evalua-
tion is geometric only and does not depend
on whether the destination appearance is pre-
served. It is satisfied if the agent stops inside
the intended destination volume.

• Oracle Success Score 3D (O.S. 3D). This
credits the agent if it ever comes within a prox-
imity threshold of the correct 3D destination,
regardless of its final stop. It is satisfied if the
agent reaches the destination vicinity at any
time during the video.

J.2.2 Gate Metrics and Holistic Performance
In 3D R.-W. Nav., the gates surface common failure
modes: agents may “teleport” between floors, cut
through occluded rooms, or alter the dollhouse lay-
out to satisfy geometric hits. Requiring destination
integrity and scene consistency prevents shortcut-
ting via hallucinated staircases or duplicated goals,
while the physics gate catches identity drift and
implausible motion in the third-person view.

As with the Panoramic and Top-down tasks,
strict conjunctions block generative shortcuts (e.g.,
hallucinating nearer goals or warping 3D structure),

but the 3D setting stresses multi-floor occlusions
and third-person viewpoint drift:

• Success (3D) Original Destination. This
composite metric addresses the tendency of
video generation models to hallucinate solu-
tion shortcuts. It is satisfied only if the Suc-
cess Score 3D, Destination Integrity Score,
and Scene Consistency Score are all met si-
multaneously. This metric ensures that a suc-
cessful arrival is valid and not the result of the
model altering the scene layout or destination
location to simplify the task.

• Physics Validness. To provide a holistic view
of physical understanding, this composite met-
ric serves as a strict gate. It is satisfied only
if the Object Semantic Score, Agent Consis-
tency Score, and Spatial Alignment Score are
all met simultaneously. This ensures the agent
does not clip through objects, teleport, or drift
unnaturally.

• Overall Success = Success Score 3D ∧ Oracle
Success Score 3D ∧ Object Semantic ∧ Agent
Consistency ∧ Spatial Alignment ∧ Destina-
tion Integrity ∧ Scene Consistency; a sample
passes only when all seven binary checks are
1.

J.3 Evaluation Results
Key Finding: The “Simulation Gap” in Video
Generation. Current video generation models
(Veo-3, Sora-2) exhibit a fundamental disconnect
between visual plausibility and physical causality.
While they often achieve high raw success rates in
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simple navigation tasks (85–89%), they fail catas-
trophically on holistic metrics (0–3%) due to severe
scene hallucination and physics violations. In con-
trast, image-based agents (Nano-banana) demon-
strate robust “simulation” capabilities, maintaining
near-perfect scene consistency (>95%) and physi-
cal validity.

J.3.1 VLM-Based Evaluation
Table 31 benchmarks Veo-3 against Sora-2, Nano-
banana, and GPT-4o-image. The results highlight a
distinct hierarchy in embodied navigation capabili-
ties, separated by model modality and architectural
stability.

Image Models vs. Video Models (Nano-banana
Dominance). Within the selected diagnostic sub-
set, Nano-banana emerges as the distinct leader,
showcasing that image generation is currently far
more reliable for this embodied task than video
generation.

• Consistency as a Foundation: Nano-banana
maintains near-perfect scores in Scene Consis-
tency (86–100%) and Physics Validness (94–
100%) across all complexity levels. This sta-
bility allows it to achieve high Overall Success
rates (75–87.5%) that video models cannot ap-
proach.

• Resilience to Complexity: As environ-
ment complexity increases (from floor01 to
floor02plus), Nano-banana actually improves
its overall success from 75% to 83.33%. In
sharp contrast, video models collapse; Veo-
3’s holistic success drops to 0% in complex
multi-floor environments, unable to reconcile
geometric consistency with longer navigation
horizons.

Video Model Trade-offs (Veo-3 vs. Sora-2).
While both video models struggle with holistic suc-
cess (mostly 0%–3%), they exhibit different failure
modes:

• Sora-2 (Better Geometry, Worse Adher-
ence): Sora-2 generally outperforms Veo-3
in Spatial Alignment (e.g., 97.22% vs 63.33%
in floor01) and Scene Consistency (44.44%
vs 15.00%). However, it suffers from a crit-
ical flaw in Gate Metric: Success (Original
Destination), scoring 0.00% across almost all
categories. This indicates that while Sora-2

generates smooth, consistent video, it hallu-
cinates the destination or drifts significantly
from the prompt’s specific target.

• Veo-3 (Better Adherence, Worse Physics):
Veo-3 is more “compliant” with the task, scor-
ing higher on reaching the original destination
(11.67% in floor01). However, it achieves this
by sacrificing physical laws, as evidenced by
its abysmal Scene Consistency scores (drop-
ping to 5.00% in location tasks) and frequent
physics violations.

Baseline Comparison. GPT-4o-image acts as a
semantic baseline. While it demonstrates strong
object recognition (Object Semantic Score ≈ 80–
90%), it lacks the spatial reasoning to navigate,
resulting in low success scores (≈ 13–17%). This
confirms that embodied navigation requires more
than just “seeing” the scene; it requires a consistent
internal world model that GPT-4o-image lacks.

J.3.2 View-Syn Evaluation
J.4 Case Study: Qualitative Failure Modes
This case study in Figure 25 evaluates the ability
of three video generation models—Veo-3, Sora-2,
and Wan-2.2—to simulate a humanoid robot navi-
gating a multi-story indoor space to a specific red
target zone. The prompt requires strict adherence
to physical constraints, step-by-step stair climbing,
and a consistent “dollhouse” isometric view.

Veo-3 Analysis: Task Success with Physical
Compromises. Veo-3 was the only model to
achieve a successful arrival at the destination (Or-
acle Success Score = 1). However, this success
came with significant hallucinations and physics
violations:

• Scene Consistency: The model failed to
maintain the structural integrity of the input
scene, notably hallucinating a straight stair-
case in place of the original curved one.

• Physical Fidelity: While the agent initially
demonstrated understanding of vertical move-
ment, it ultimately failed the physics con-
straint by jumping directly from the second
floor to the ground floor, resulting in the body
clipping into the floor. Despite these errors,
the agent maintained consistency without tele-
porting earlier in the sequence.

Sora-2 Analysis: Severe Hallucination and
Physics Failures. Sora-2 struggled significantly
with both scene adherence and physical laws:
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Table 31: Quantitative results for the 3D Real-world Navigation benchmark. We compare Sora-2, Veo-3, Nano-
banana, and GPT-4o-image across the same hard-level dimensions.

Task Completeness Physical Understanding Instruction Following Gate Metric Holistic Metric

Evaluation
Success
Score
(3D)

Oracle
Success

Score (3D)

Object
Semantic

Score

Agent
Consistency

Score

Spatial
Alignment

Score

Destination
Integrity

Score

Scene
Consistency

Score

Success (3D)
Original

Destination

Physics
Validness

Overall
Success

Environmental Complexity
Level: floor01
Video Models

Veo-3 85.00% 91.67% 81.67% 86.67% 63.33% 53.33% 15.00% 11.67% 40.00% 3.33%
Sora-2 88.89% 97.22% 72.22% 83.33% 97.22% 77.78% 44.44% 0.00% 55.00% 0.00%

Image Models
Nano-banana 75.00% 75.00% 100.00% 97.22% 97.22% 75.00% 86.11% 75.00% 97.22% 75.00%
GPT-4o-image 13.33% 13.33% 88.33% 48.33% 58.33% 13.33% 21.67% 13.33% 35.00% 13.33%

Level: floor02plus
Video Models

Veo-3 68.33% 78.33% 75.00% 68.33% 73.33% 38.33% 18.33% 5.00% 33.33% 0.00%
Sora-2 72.22% 77.78% 69.44% 75.00% 83.33% 58.33% 36.11% 0.00% 60.00% 0.00%

Image Models
Nano-banana 83.33% 86.11% 94.44% 97.22% 94.44% 86.11% 100.00% 83.33% 94.44% 83.33%
GPT-4o-image 15.00% 16.67% 75.00% 56.67% 51.67% 15.00% 15.00% 13.33% 40.00% 13.33%

View Fidelity
Level: quality03
Video Models

Veo-3 65.00% 77.50% 72.50% 75.00% 70.00% 40.00% 15.00% 5.00% 30.00% 0.00%
Sora-2 75.00% 83.33% 79.17% 83.33% 91.67% 66.67% 41.67% 0.00% 67.50% 0.00%

Image Models
Nano-banana 75.00% 79.17% 95.83% 95.83% 91.67% 79.17% 91.67% 75.00% 91.67% 75.00%
GPT-4o-image 7.50% 7.50% 80.00% 45.00% 52.50% 5.00% 7.50% 5.00% 30.00% 5.00%

Level: quality04
Video Models

Veo-3 82.50% 85.00% 75.00% 85.00% 65.00% 50.00% 20.00% 10.00% 42.50% 2.50%
Sora-2 91.67% 95.83% 54.17% 75.00% 83.33% 70.83% 41.67% 0.00% 45.00% 0.00%

Image Models
Nano-banana 87.50% 87.50% 100.00% 100.00% 100.00% 87.50% 91.67% 87.50% 100.00% 87.50%
GPT-4o-image 17.50% 20.00% 80.00% 57.50% 52.50% 20.00% 27.50% 17.50% 40.00% 17.50%

Level: quality05
Video Models

Veo-3 82.50% 92.50% 87.50% 72.50% 70.00% 47.50% 15.00% 10.00% 37.50% 2.50%
Sora-2 75.00% 83.33% 79.17% 79.17% 95.83% 66.67% 37.50% 0.00% 60.00% 0.00%

Image Models
Nano-banana 75.00% 75.00% 95.83% 95.83% 95.83% 75.00% 95.83% 75.00% 95.83% 75.00%
GPT-4o-image 17.50% 17.50% 85.00% 55.00% 60.00% 17.50% 20.00% 17.50% 42.50% 17.50%

Trajectory Distance
Level: short
Video Models

Veo-3 73.33% 85.00% 81.67% 78.33% 68.33% 46.67% 16.67% 8.33% 38.33% 3.33%
Sora-2 72.22% 83.33% 80.56% 77.78% 86.11% 63.89% 41.67% 0.00% 55.00% 0.00%

Image Models
Nano-banana 77.78% 80.56% 97.22% 97.22% 94.44% 80.56% 88.89% 77.78% 94.44% 77.78%
GPT-4o-image 13.33% 13.33% 85.00% 56.67% 58.33% 11.67% 16.67% 11.67% 45.00% 11.67%

Level: long
Video Models

Veo-3 80.00% 85.00% 75.00% 76.67% 68.33% 45.00% 16.67% 8.33% 35.00% 0.00%
Sora-2 88.89% 91.67% 61.11% 80.56% 94.44% 72.22% 38.89% 0.00% 60.00% 0.00%

Image Models
Nano-banana 80.56% 80.56% 97.22% 97.22% 97.22% 80.56% 97.22% 80.56% 97.22% 80.56%
GPT-4o-image 15.00% 16.67% 78.33% 48.33% 51.67% 16.67% 20.00% 15.00% 30.00% 15.00%

Destination Specification
Level: color mark
Video Models

Veo-3 93.33% 96.67% 66.67% 73.33% 70.00% 31.67% 28.33% 15.00% 28.33% 3.33%
Sora-2 88.89% 91.67% 58.33% 75.00% 88.89% 69.44% 36.11% 0.00% 51.67% 0.00%

Image Models
Nano-banana 80.56% 80.56% 100.00% 100.00% 100.00% 80.56% 91.67% 80.56% 100.00% 80.56%
GPT-4o-image 16.67% 18.33% 71.67% 46.67% 45.00% 18.33% 20.00% 16.67% 30.00% 16.67%

Level: location description
Video Models

Veo-3 60.00% 73.33% 90.00% 81.67% 66.67% 60.00% 5.00% 1.67% 45.00% 0.00%
Sora-2 72.22% 83.33% 83.33% 83.33% 91.67% 66.67% 44.44% 0.00% 63.33% 0.00%

Image Models
Nano-banana 77.78% 80.56% 94.44% 94.44% 91.67% 80.56% 94.44% 77.78% 91.67% 77.78%
GPT-4o-image 11.67% 11.67% 91.67% 58.33% 65.00% 10.00% 16.67% 10.00% 45.00% 10.00%
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Prompt Text: 
    Create a video showing a humanoid robot successfully navigating from a starting point through a multi-
story indoor space. The robot obeys physical constraints and is the only object that moves in the entire 
video, beginning standing at the designated starting location on the floor toward a fixed bright red 
(#ff0000) region marked on the floor. When moving between floors, the robot climbs or descends the 
staircase step-by-step, keeping its feet planted on individual treads. The camera is third-person isometric 
view (a "dollhouse" view).

Input Image

Frame 1s Frame 2s

Frame 5s Frame 6s Frame 8s

Frame 4s

Object Semantic Score (tmp) = 1
The agent understood the vertical 
movement on a stair.

Scene Consistency Score = 1
It maintained the input scene 
detail and the scene style.

Object Semantic Score = 0
The agent jumped to the ground floor from 
the second floor, and its body was stuck on 
the floor.

Scene Consistency Score = 0
It recreated a new straight 
staircase instead of the curved one.

(Oracle) Success Score (3D) = 1
The agent arrived the red marked area.

Agent Consistency Score = 1
The agent moved continuously 
without teleporting.

Veo-3

Frame 0s Frame 2s

Frame 8s Frame 10s Frame 12s

Frame 6s

Destination Integrity Score = 0
It revised the red marked area from 
on the floor to on the wall.

Object Semantic Score = 0
The agent stood on a ‘air’ platform 
near the stairs.

Destination Integrity Score = 1
The red marked area did not change.

Scene Consistency Score = 0
It created a new scene in a new 
video style.

(Oracle) Success Score (3D) = 0
The agent did not arrive at the 
destination, and didn’t ever arrive there.

Object Semantic Score = 0
The agent walked through the 
railing.

Sora-2

Frame 0s Frame 1s

Frame 3s Frame 4s Frame 5s

Frame 2s

Scene Consistency Score = 0
The table on the right moved to the 
left.

Destination Integrity Score = 1
Although the indoor scene has changed, 
the location of the marked area remains 
the same.

Spatial Alignment Score = 0
The agent walked backwards down the 
stairs.

Scene Consistency Score (tmp) = 1
It maintained the input scene 
detail and the scene style.

(Oracle) Success Score (3D) = 0
The agent did not arrive at the 
destination.

Agent Consistency Score = 0,
Object Semantic Score = 0
The agent moved in a drifting, 
disjointed manner, and stood on a table.

Wan2.2

Figure 25: Case Study for 3D Real-World Navigation comparing Veo-3, Sora-2, and Wan-2.2. The visualization
highlights model-specific failure modes: Veo-3 achieves the destination despite physics violations (floor jumping)
and scene alterations (staircase geometry); Sora-2 suffers from severe scene hallucination and style drift; and
Wan-2.2 exhibits temporal inconsistency with drifting agents and moving furniture.
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Table 32: 3D Real-World Navigation — Video (FVD/SSIM/PSNR/LPIPS) and Image (FID normalized); higher is
better except LPIPS

Model Modality FVD Norm ↑ FID Norm ↑ SSIM ↑ PSNR ↑ LPIPS ↓
Veo-3 Video 0.7708 – 0.2987 7.35 0.8205
Wan-2.2 Video 0.7107 – 0.4562 9.11 0.7652
Sora-2 Video 0.6870 – 0.4471 9.19 0.8052
GPT-image-1.5 Image – 0.6747 – – –
Nano-banana-pro Image – 0.6740 – – –
GPT-image Image – 0.5673 – – –
Nano-banana Image – 0.5673 – – –
Qwen-image Image – 0.5627 – – –

• Style and Destination Drift: The model com-
pletely disregarded the input image, creating
a new scene with a different video style. Cru-
cially, it altered the task parameters by moving
the red destination marker from the floor to
the wall.

• Physics Violations: The agent displayed zero
understanding of solid geometry (Object Se-
mantic Score = 0), standing on “air” platforms
near the stairs and walking directly through
the railing. Consequently, the agent never ar-
rived at the valid destination.

Wan-2.2 Analysis: Temporal Instability and
Agent Drifting. Wan-2.2 initially maintained the
scene details well but quickly devolved into tempo-
ral incoherence:

• Environmental Instability: The static envi-
ronment proved unstable; by Frame 1s, fur-
niture (a table) shifted position from right to
left.

• Agent Control: The navigation was dis-
jointed. The agent drifted, stood on top of
tables, and walked backwards down the stairs.
This resulted in a failure to reach the destina-
tion.

While Veo-3 was the only model to “complete”
the navigation task, all three models struggled with
strict physical plausibility in a 3D space. Veo-3
prioritized path completion over geometry; Sora-2
hallucinated an entirely new reality; and Wan-2.2
failed to keep the static environment stationary.

K Simultaneous Localization and
Generation (SLAG)

K.1 Task Definition

The Simultaneous Localization and Generation
(SLAG) task extends the paradigm of Simultane-
ous Localization and Mapping (SLAM) (Durrant-
Whyte and Bailey, 2006) by coupling 3D spa-
tial navigation with real-time generative mapping.
Unlike traditional methods that estimate position
within a static or progressively built map, SLAG
actively synthesizes a synchronized 2D top-down
trajectory that corresponds to the robot’s move-
ment through a 3D environment. As a humanoid
robot navigates complex indoor scenes—such as
photorealistic apartments rendered in a “dollhouse”
perspective—the system dynamically generates a
2D representation of its progress from start to goal.
The core objective of SLAG is to achieve precise
spatiotemporal alignment between physical 3D
navigation and generative 2D plotting, demon-
strating the synergy between real-time perception
and generative modeling in spatial understanding.

K.2 Evaluation and Metrics

SLAG differs from the previous tasks by requir-
ing simultaneous 3D navigation and 2D gen-
erative mapping, making trajectory alignment
the primary bottleneck. Similarly, we adopt
the shared embodied evaluation protocol in Sec-
tion G.3. Physical Understanding and Instruction
Following checks (Object Semantic, Agent Con-
sistency, Spatial Alignment, Destination Integrity,
Scene Consistency) are unchanged. Here we focus
on the SLAG-specific task completeness set and
gates.
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Frame 1 Frame 2 Frame 3 Frame 4

Frame 5 Frame 6 Frame 7 Frame 8

Start Position: The robot’s position / blue triangle
Goal: (Left) The red area, (Right) The same location aligned with Left

Figure 26: Simultaneous Localization and Goal-reaching (SLAG) task requiring the model to simultaneously
maintain spatial awareness of its position while navigating toward a goal in an unknown environment.

K.2.1 Task Completeness Metrics (Geometry
Only)

Five task completeness metrics are evaluated
jointly: Success Score 2D, Oracle Success Score
2D, Success Score 3D, Oracle Success Score 3D
(all from Section G.3), and Trajectory Alignment
to ensure the projected 2D path matches the 3D mo-
tion. The 2D map is provided, but the destination
is not; alignment hinges on correctly projecting the
3D navigation onto the given map, with 2D success
conditioned on the same 3D destination.

• Success Score (S.S. 2D). Measures whether
the agent’s final position lies within the high-
lighted or textually specified goal region in
the 2D overhead map. The score is 1 if the
final coordinates fall entirely inside the goal
footprint; otherwise 0.

• Oracle Success Score (O.S. 2D). Provides
partial credit when the agent comes suffi-
ciently close to the 2D goal during navigation.
The score is 1 if the agent’s path ever inter-
sects or touches the goal region, even if it does
not stop there; otherwise 0.

• Success Score (S.S. 3D). Checks whether the
agent ends inside the correct destination vol-
ume in the 3D navigation sequence. This met-
ric is purely geometric and independent of any
visual discrepancies at the destination. The
score is 1 if the final 3D position is within the
target volume; otherwise 0.

• Oracle Success Score (O.S. 3D). Grants
credit when the agent enters the vicinity of

the correct 3D destination at any point dur-
ing its rollout. The score is 1 if the trajectory
ever crosses the predefined proximity thresh-
old around the target; otherwise 0.

• Trajectory Alignment Score. Evaluates
whether the agent’s 2D projected route is con-
sistent with its 3D motion path, focusing on
major turns and spatial transitions. A score
of 1 indicates strong correspondence between
the two trajectories; otherwise 0.

K.2.2 Gate Metrics and Holistic Performance
As in the prior tasks, gates block generative short-
cuts, but only a 3D destination gate is possible be-
cause the 2D map has no fixed ground-truth target
(it is generated, not given):

In SLAG, the holistic gate exposes compounded
failures: models often align one panel but not the
other, hallucinate extra corridors in the 2D draw-
ing, or “teleport” in 3D while the 2D trace stays
smooth. Because the 2D goal is synthesized, the
3D destination gate plus trajectory alignment are
key to preventing such mismatches.

• Success (3D) with Original Destination =
Success Score 3D ∧ Destination Integrity ∧
Scene Consistency.

• Physics Validness = Object Semantic ∧
Agent Consistency ∧ Spatial Alignment.

• Overall Success = Success Score 2D ∧ Ora-
cle Success Score 2D ∧ Success Score 3D ∧
Oracle Success Score 3D ∧ Trajectory Align-
ment ∧ Object Semantic ∧ Agent Consistency
∧ Spatial Alignment ∧ Destination Integrity
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∧ Scene Consistency; a sample passes only
when all ten binary checks are 1.

K.3 Evaluation Results
The Simultaneous Localization and Generation
(SLAG) task represents a significant leap in embod-
ied AI, requiring models to maintain strict temporal
and spatial alignment between 3D physical navi-
gation and 2D generative mapping. The following
diagnostic analysis dissects the performance of the
selected model subset, revealing a critical trade-off
between the visual fluidity of video models and the
logical adherence of image-based models.

Key Findings: Reality & Modality Gap.

• Alignment bottleneck. Trajectory Align-
ment remains the weakest link for video base-
lines (44.07%–55.17% vs. Nano-banana’s
88.89%/76.67%), and Destination Integrity stays
low for them (20.34%–44.83%). Even with
strong Scene Consistency (45.76%–89.66%),
cross-view synchronization caps holistic success.

• Semantic cliff. Switching from color marks
to textual location descriptions collapses Nano-
banana’s 3D Success (81.25% → 17.65%) and
Holistic score (50.00% → 8.82%); GPT-4o-
image drops similarly (31.03% → 1.67%). Video
models show the same gap (Veo-3: 17.24% →
5.17%, Sora-2: 19.64% → 6.67%), confirming
spatial language grounding is the dominant fail-
ure mode.

• Cross-view priors activate under pressure.
Forced 3D-to-2D alignment sustains Scene Con-
sistency (Veo-3: 45.76% → 57.89%, Nano-
banana: 100.00% → 96.67%, GPT-4o-image:
98.33% → 94.83%) even when trajectories mis-
align, suggesting latent spatial priors surface only
with structured multimodal conditioning.

K.3.1 VLM-Based Evaluation
Table 33 highlights the performance disparities
across Veo-3, Sora-2, Nano-banana, and GPT-4o-
image. While video generation models often excel
at visual fidelity, the requirement for synchronized
spatial logic proves challenging.

The Logic vs. Motion Trade-off. Quantita-
tive evaluation again ranks Nano-banana as the
strongest SLAG performer: it posts the top Holistic
Metric on floor01 (27.78%), edging out GPT-4o-
image (25.00%), while Veo-3 and Sora-2 remain
far lower (11.86% and 10.34%).

• Trajectory Alignment Dominance: Nano-
banana achieves a dominant Trajectory Align-
ment Score of 88.89% on floor01. Video base-
lines trail sharply (Veo-3: 44.07%, Sora-2:
55.17%), underscoring that smooth motion
does not guarantee coordinate-level alignment
with the map.

• Gate-Induced Failures for Video Mod-
els: Despite respectable physical validity
(Physics Validness: Veo-3 at 45.76%, Sora-2
at 65.52%), the Success (3D) Original Desti-
nation gate collapses to 18.64% and 22.41%,
respectively, versus Nano-banana’s 38.89%.
Low destination integrity (20.34%–32.76%
for video models) is the primary culprit be-
hind their depressed holistic scores.

The Grounding Gap: Visual vs. Linguistic Com-
plexity. Performance across instruction types
shows that linguistic grounding is a steeper bar-
rier than visual grounding.

• Drastic Drop on Text Prompts: When the
destination is specified by a Color Mark,
Nano-banana excels (81.25% 3D Success,
50.00% Holistic). Switching to a Location
Description collapses 3D Success to 17.65%
and Holistic to 8.82%.

• Model Consistency: GPT-4o-image mirrors
this trend, sliding from 44.83% to 3.33% (3D
Success) and from 31.03% to 1.67% (Holis-
tic). Video models show the same gap (Veo-3:
17.24% → 5.17% Holistic; Sora-2: 19.64%
→ 6.67%), confirming that textual spatial in-
structions remain the weakest link.

Environmental Scaling. As complexity in-
creases from floor01 to floor02plus:

• Nano-banana loses geometric reliability (3D
Success 55.56% → 40.00%) yet nudges its
Holistic Metric upward (27.78% → 30.00%)
thanks to stable Scene Consistency (100.00%
→ 96.67%) and stronger 2D alignment.

• Sora-2 remains limited (Holistic 10.34% →
15.52%) despite high physical priors (Physics
Validness 65.52% → 56.90%), indicating that
added floors do not resolve its instruction-
following issues.

• GPT-4o-image degrades sharply (Holistic
25.00% → 6.90%), revealing brittleness of
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Table 33: Quantitative results for the Simultaneous Localization and Generation benchmark. We compare
automatic evaluations across different models: Sora-2, Veo-3, Nano-banana, and GPT-4o-image.

Task Completeness Physical Understanding Instruction Following Gate Metric Holistic Metric

Evaluation
Success
Score
(3D)

Success
Score
(2D)

Oracle
Success

Score (3D)

Oracle
Success

Score (2D)

Trajectory
Alignment

Score

Object
Semantic

Score

Agent
Consistency

Score

Spatial
Alignment

Score

Destination
Integrity

Score

Scene
Consistency

Score

Success (3D)
Original

Destination

Physics
Validness

Overall
Success

Environmental Complexity
Level: floor01
Video Models

Veo-3 52.54% 44.07% 59.32% 49.15% 44.07% 72.88% 52.54% 67.80% 20.34% 45.76% 18.64% 45.76% 11.86%
Sora-2 29.31% 27.59% 34.48% 37.93% 55.17% 84.48% 84.48% 72.41% 32.76% 79.31% 22.41% 65.52% 10.34%

Image Models
Nano-banana 55.56% 41.67% 55.56% 47.22% 88.89% 83.33% 83.33% 77.78% 50.00% 100.00% 38.89% 69.44% 27.78%
GPT-4o-image 35.00% 28.33% 36.67% 31.67% 66.67% 81.67% 76.67% 61.67% 26.67% 98.33% 25.00% 58.33% 25.00%

Level: floor02plus
Video Models

Veo-3 21.05% 38.60% 26.32% 42.11% 33.33% 50.88% 42.11% 52.63% 31.58% 57.89% 15.79% 31.58% 10.53%
Sora-2 29.31% 32.76% 31.03% 37.93% 48.28% 82.76% 67.24% 68.97% 44.83% 89.66% 20.69% 56.90% 15.52%

Image Models
Nano-banana 40.00% 56.67% 40.00% 63.33% 76.67% 86.67% 86.67% 70.00% 50.00% 96.67% 36.67% 60.00% 30.00%
GPT-4o-image 12.07% 17.24% 13.79% 20.69% 43.10% 68.97% 48.28% 37.93% 17.24% 94.83% 6.90% 34.48% 6.90%

View Fidelity
Level: quality03
Video Models

Veo-3 35.00% 40.00% 35.00% 40.00% 35.00% 60.00% 45.00% 52.50% 22.50% 45.00% 15.00% 37.50% 10.00%
Sora-2 27.50% 27.50% 27.50% 32.50% 47.50% 85.00% 77.50% 75.00% 37.50% 77.50% 22.50% 62.50% 17.50%

Image Models
Nano-banana 50.00% 62.50% 50.00% 62.50% 91.67% 91.67% 95.83% 91.67% 58.33% 100.00% 41.67% 83.33% 41.67%
GPT-4o-image 30.00% 25.00% 32.50% 32.50% 65.00% 75.00% 65.00% 52.50% 20.00% 97.50% 17.50% 52.50% 17.50%

Level: quality04
Video Models

Veo-3 46.15% 51.28% 51.28% 58.97% 43.59% 66.67% 46.15% 69.23% 33.33% 48.72% 25.64% 35.90% 15.38%
Sora-2 26.32% 34.21% 26.32% 42.11% 55.26% 84.21% 71.05% 71.05% 34.21% 84.21% 21.05% 60.53% 10.53%

Image Models
Nano-banana 45.83% 45.83% 45.83% 54.17% 70.83% 87.50% 79.17% 58.33% 50.00% 95.83% 37.50% 54.17% 20.83%
GPT-4o-image 25.00% 30.00% 25.00% 30.00% 57.50% 72.50% 62.50% 50.00% 32.50% 97.50% 22.50% 47.50% 22.50%

Level: quality05
Video Models

Veo-3 29.73% 32.43% 43.24% 37.84% 37.84% 59.46% 51.35% 59.46% 21.62% 62.16% 10.81% 43.24% 8.11%
Sora-2 34.21% 28.95% 44.74% 39.47% 52.63% 81.58% 78.95% 65.79% 44.74% 92.11% 21.05% 60.53% 10.53%

Image Models
Nano-banana 50.00% 33.33% 50.00% 44.44% 88.89% 72.22% 77.78% 72.22% 38.89% 100.00% 33.33% 55.56% 22.22%
GPT-4o-image 15.79% 13.16% 18.42% 15.79% 42.11% 78.95% 60.53% 47.37% 13.16% 94.74% 7.89% 39.47% 7.89%

Trajectory Distance
Level: short
Video Models

Veo-3 38.98% 40.68% 45.76% 45.76% 44.07% 61.02% 54.24% 64.41% 28.81% 62.71% 20.34% 42.37% 15.25%
Sora-2 40.35% 31.58% 43.86% 40.35% 52.63% 85.96% 82.46% 75.44% 47.37% 89.47% 29.82% 66.67% 15.79%

Image Models
Nano-banana 54.55% 51.52% 54.55% 54.55% 87.88% 90.91% 90.91% 90.91% 57.58% 100.00% 42.42% 78.79% 36.36%
GPT-4o-image 27.12% 20.34% 28.81% 25.42% 55.93% 77.97% 62.71% 50.85% 28.81% 96.61% 18.64% 45.76% 18.64%

Level: long
Video Models

Veo-3 35.09% 42.11% 40.35% 45.61% 33.33% 63.16% 40.35% 56.14% 22.81% 40.35% 14.04% 35.09% 7.02%
Sora-2 18.64% 28.81% 22.03% 35.59% 50.85% 81.36% 69.49% 66.10% 30.51% 79.66% 13.56% 55.93% 10.17%

Image Models
Nano-banana 42.42% 45.45% 42.42% 54.55% 78.79% 78.79% 78.79% 57.58% 42.42% 96.97% 33.33% 51.52% 21.21%
GPT-4o-image 20.34% 25.42% 22.03% 27.12% 54.24% 72.88% 62.71% 49.15% 15.25% 96.61% 13.56% 47.46% 13.56%

Destination Specification
Level: color mark
Video Models

Veo-3 53.45% 51.72% 60.34% 56.90% 43.10% 56.90% 46.55% 65.52% 32.76% 67.24% 25.86% 34.48% 17.24%
Sora-2 44.64% 46.43% 51.79% 57.14% 48.21% 82.14% 73.21% 67.86% 62.50% 92.86% 33.93% 58.93% 19.64%

Image Models
Nano-banana 81.25% 59.38% 81.25% 68.75% 87.50% 84.38% 87.50% 78.12% 71.88% 100.00% 62.50% 71.88% 50.00%
GPT-4o-image 44.83% 36.21% 44.83% 41.38% 55.17% 70.69% 62.07% 51.72% 37.93% 96.55% 31.03% 46.55% 31.03%

Level: location description
Video Models

Veo-3 20.69% 31.03% 25.86% 34.48% 34.48% 67.24% 48.28% 55.17% 18.97% 36.21% 8.62% 43.10% 5.17%
Sora-2 15.00% 15.00% 15.00% 20.00% 55.00% 85.00% 78.33% 73.33% 16.67% 76.67% 10.00% 63.33% 6.67%

Image Models
Nano-banana 17.65% 38.24% 17.65% 41.18% 79.41% 85.29% 82.35% 70.59% 29.41% 97.06% 14.71% 58.82% 8.82%
GPT-4o-image 3.33% 10.00% 6.67% 11.67% 55.00% 80.00% 63.33% 48.33% 6.67% 96.67% 1.67% 46.67% 1.67%
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single-image rollouts once multi-floor reason-
ing is required.

K.3.2 View-Syn Evaluation

K.4 Case Study: Qualitative Failure Modes

The Simultaneous Localization and Generation task
highlights a common failure mode across all three
models in Figure 27: the inability to maintain
semantic linkage between split-screen represen-
tations over time.

Veo-3: High Fidelity, Low Logic. Veo-3 offers
the most stable visual experience, maintaining high
scene consistency in this case study. The agent cor-
rectly identifies the start position and successfully
reaches the red-marked goal in the 3D view. How-
ever, the Trajectory Alignment fails. As the 3D
agent moves forward, the 2D dot on the map drifts
independently, failing to mirror the agent’s path.
This exemplifies the “disembodied” nature of the
generation—the model understands it needs to gen-
erate a map and a video, but treats them as separate
artistic tasks rather than coupled data streams.

Sora-2: Severe Hallucination. Sora-2 struggles
to maintain the input reality. (1) Scene Halluci-
nation: It immediately fails Scene Consistency
(Score = 0) by replacing the input floor plan with
a hallucinated layout. (2) Physics Violations: Con-
sistent with the low Physics Validness scores, the
agent is observed clipping through a cabinet.(3)
Phantom Turns: The 2D agent executes a turn
that the 3D agent never makes, further emphasiz-
ing the lack of cross-modal attention in the model
architecture.

Wan-2.2: The Teleportation Problem. Wan-
2.2 exhibits the most erratic behavior, leading to
complete task failure. (1) Agent Instability: The
model suffers from severe Agent Consistency fail-
ures (Score = 0). At Frame 1s, the agent tele-
ports—effectively “flying”—onto an indigo wall,
treating a vertical surface as a walkable floor. (2)
Navigation Failure: Unlike Veo-3, Wan-2.2 fails
to reach the destination in either view. The agent
stops short, resulting in zero scores for both Suc-
cess (2D) and Success (3D). This model demon-
strates that without strong physical priors, video
generation models devolve into surrealism rather
than embodied simulation.

L Physical Commonsense

We introduce the Physical Commonsense task to
evaluate a model’s foundational understanding of
“intuitive physics” (Battaglia et al., 2013; Yi et al.,
2020; Wu et al., 2016), a critical prerequisite for
robust world modeling. This task probes Physical
Reasoning by requiring models to generate videos
that combine photorealism with physical plausibil-
ity (Bear et al., 2021; Riochet et al., 2021). Beyond
static visual fidelity, the task evaluates whether the
model captures essential principles—such as grav-
ity, momentum, collisions, and material properties
(rigidity, fluid dynamics)—and correctly models
causal dynamics (Bakhtin et al., 2019; Allen et al.,
2020). The evaluation spans both 3D Spatial Rea-
soning (spatial object interactions) and Tempo-
ral Reasoning (sequential cause-and-effect), orga-
nized along two complementary axes: (1) Physical
Concepts, which tests fundamental principles us-
ing the VideoPhy ontology (Bansal et al., 2025);
and (2) Sports Scenarios, which probe composi-
tional reasoning through dynamic, high-velocity
human movements.

L.1 Data Sources and Task Structure

Physical Concepts (Fundamental Interactions).
To systematically evaluate atomic physical princi-
ples, we adopt the structured ontology from Video-
Phy (Bansal et al., 2025) and VideoPhy-2 (Bansal
et al., 2026). We draw from a diverse pool of
captioned interactions, including: Solid–Solid
(e.g., rigid collisions, stacking), Solid–Fluid (e.g.,
splashing, buoyancy), and Fluid–Fluid (e.g., dif-
fusion, mixing). These prompts isolate specific
physical laws, allowing us to test statics, dynamics,
and kinematics in controlled environments.

Sports Scenarios (Compositional Reasoning).
To evaluate physical reasoning in complex, real-
world contexts, we synthesize a complementary
dataset of sports-oriented prompts. These scenar-
ios naturally require the integration of multiple
physical laws simultaneously. The dataset spans:
Precision & Arts (e.g., ballet pirouettes requir-
ing angular momentum), Winter Sports (e.g., ski-
ing moguls involving friction and gravity), Aquat-
ics (e.g., diving and swimming involving fluid re-
sistance), and Athletics. These prompts test the
model’s ability to maintain physical consistency
during complex human-object interactions.
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Prompt Text: 
    Create a split-screen video for the task "Simultaneously Localization and Generation." The left panel 
must show a humanoid robot navigating a photorealistic 3D indoor scene to a bright red (#ff0000) target 
area painted on the floor, while the right panel simultaneously shows a generated bright green (#00ff00) 
trajectory line that grows as the robot advances in a fixed 2D top-down map in real time. Keep the 
camera static, isometric, and wide enough to include the entire navigable layout.

Input Image

Frame 1s Frame 2s

Frame 4s Frame 5s Frame 8s

Frame 3s

Trajectory Alignment Score (tmp) = 1
The movement in 2D top-down panel 
aligned with the one in 3D panel.

Scene Consistency Score = 1
It maintained the input scene 
detail and the scene style.

Agent Consistency Score = 1, 
Scene Consistency Score = 1
The agent moved continuously without 
teleporting. And it maintained the input 
scene detail and the scene style.

Spatial Alignment Score = 1
The agent in 3D panel recognized 
the start and the moving direction 
matches the agent’s orientation.

(Oracle) Success Score (2D) = 0
Simply reaching the red-marked area 
does not constitute a 2D success; the 
SLAG task requires reaching the same 
location as the 3D area.

(Oracle) Success Score (3D) = 1
Trajectory Alignment Score = 0
The agent in 3D panel arrived the 
red marked area, while the one in 
2D panel misaligned with it.

Veo-3

Frame 0s Frame 2s

Frame 8s Frame 10s Frame 12s

Frame 5s

Object Semantic Score = 0
The agent walked through a wall 
and a cabinet.

Trajectory Alignment Score = 0
In the 2D panel, the agent moves along 
the green line and makes a turn that is 
not present in the 3D panel.

Destination Integrity Score = 1
It maintained the red marked area when 
the agent doing navigation.

Scene Consistency Score = 0
It created both new scene in 3D and new 
map in 2D panel. The hallucinated marked 
area in 2D also not matched.

(Oracle) Success Score (2D) = 0
The agent did not arrive at the target 
aligned with the one in 3D panel, even if 
it arrived in the red marked area in 2D.

(Oracle) Success Score (3D) = 1
The agent in 3D panel arrived the 
red marked area.

Sora-2

Frame 0s Frame 1s

Frame 3s Frame 4s Frame 5s

Frame 2s

Object Semantic Score = 0,
Agent Consistency Score = 0
The agent in 3D panel teleported / flied 
to the indigo wall and walked on that.

Destination Integrity Score = 1
The location of the red marked area in 
3D panel remains the same.

Scene Consistency Score = 1
It maintained the input scene detail and 
the scene style both in 3D and 2D panel.

Spatial Alignment Score= 1
The agent in 3D panel recognized 
the start and the moving direction 
matches the agent’s orientation.

(Oracle) Success Score (3D) = 0,
(Oracle) Success Score (2D) = 0
The agent in 2D/3D panel did not arrive 
at the target although it is very close.

Trajectory Alignment Score = 0
In the 2D panel, the agent moves along 
the green line and makes a turn that is 
not present in the 3D panel.

Wan2.2

Figure 27: Case Study for Simultaneous Localization and Generation. The figure compares Veo-3, Sora-2, and
Wan-2.2 on a split-screen navigation task requiring synchronization between a 3D view and a 2D map. Veo-3
achieves 3D target success but suffers from 2D trajectory misalignment. Sora-2 exhibits severe scene hallucination
and physics violations (clipping through walls). Wan-2.2 demonstrates agent inconsistency (teleporting) and fails to
reach the final target.
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Table 34: Simultaneous Localization and Generation — Video (FVD/SSIM/PSNR/LPIPS) and Image (FID normal-
ized); higher is better except LPIPS

Model Modality FVD Norm ↑ FID Norm ↑ SSIM ↑ PSNR ↑ LPIPS ↓
Sora-2 Video 0.7775 – 0.4061 7.87 0.8281
Veo-3 Video 0.7097 – 0.1612 6.92 0.8501
Wan-2.2 Video 0.5847 – 0.3285 7.54 0.8182
GPT-image Image – 0.7037 – – –
Nano-banana Image – 0.7037 – – –
Nano-banana-pro Image – 0.6907 – – –
Qwen-image Image – 0.5375 – – –
GPT-image-1.5 Image – 0.4356 – – –

L.2 Hard-Level Control and Evaluation
Taxonomy

To ensure a rigorous assessment, we curate a bal-
anced evaluation set of 50 samples (Table 35), strat-
ified along three dimensions of difficulty:

• Interaction Type (The “What”): We cate-
gorize samples by the material properties in-
volved:

– Solid-Solid: Interactions between rigid
bodies (testing impulse, friction, and col-
lision response).

– Solid-Fluid: Interactions between solids
and liquids (testing displacement, splash-
ing, and floating).

– Fluid-Fluid: Dynamics of miscible and
immiscible fluids (testing viscosity, mix-
ing, and turbulence).

• Scenario Context (The “Where”): We dis-
tinguish between controlled physics experi-
ments (Physical Concepts) and unconstrained,
dynamic environments (Sports Scenarios),
aiming to test generalization from atomic laws
to complex behaviors.

• Interaction Complexity (The “How”):
Across all categories, we vary the complexity
level:

– Simple: Single-object motion or static
equilibrium.

– Complex: Multi-object interactions with
simultaneous forces.

– Chain-Reaction: Causal sequences
where an initial action triggers cascad-
ing effects.

L.3 Evaluation and Metrics
Modeling physical commonsense inherently re-
quires capturing temporal dynamics such as force
propagation, momentum transfer, and continuous
motion. Because static image generators lack
temporal modeling capabilities and cannot repre-
sent causal interactions unfolding over time, they
are fundamentally limited in assessing physical
plausibility. Therefore, our evaluation focuses
exclusively on video generative models, capable
of producing temporally coherent sequences (Cai
et al., 2025).

To ensure consistent and structured evaluation,
we employ a Vision–Language Model (VLM)
evaluator, Gemini-2.5-Pro (Comanici et al.,
2025), prompted to act as a physics-aware video
analysis expert. For each generated video, the
VLM evaluates quality along four fine-grained
dimensions. To promote comparability and reduce
subjectivity, each dimension is operationalized as
a binary metric (0/1), where a score of 1 indicates
full compliance with the criterion and 0 denotes
a clear failure or substantive violation. Based on
these assessments, we further derive one primary
aggregate metric, defined as follows:

• Physics Accuracy: Evaluates whether the
generated video strictly obeys fundamental
physical laws. The model checks if motion
adheres to gravity, momentum, and friction,
and verifies that object interactions are plau-
sible. A score of 0 is assigned if there are
violations such as objects floating, moving at
unrealistic speeds for the context, displaying
incorrect trajectories, or deviating from the
scenario’s “Physics Focus.”

• Motion Quality: Assesses the temporal co-
herence and naturalness of the movement.
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Table 35: Distribution of Physical Commonsense evaluation samples. The set is balanced to weigh fundamental
physical understanding equally against compositional real-world application.

Task Axis Total Samples

Physical Concepts (Atomic Interactions) 25
Sports Scenarios (Compositional Contexts) 25

Total 50

This metric verifies that the motion follows
the expected pattern described in the scenario
and remains smooth and continuous. A score
of 0 is assigned if the motion is jerky, exhibits
unnatural accelerations, or suffers from tem-
poral discontinuities and inconsistency.

• Visual Realism: Measures the visual fidelity
and believability of the scene. The model
checks if objects and materials appear realis-
tic, whether lighting and shadows are consis-
tent, and if the scene composition is plausible.
A score of 0 is assigned if there are significant
visual artifacts, glitches, or if the scene lacks
photorealism.

• Prompt Adherence: Determines whether the
video semantically matches the user input.
This metric verifies that all key elements (ob-
jects, setting) are present and that the specific
action described actually occurs. A score of 0
is assigned if there are significant mismatches
between the generated content and the text
prompt.

• Overall Success: To provide a holistic mea-
sure of generation capability, we compute a
strict Overall Success score. A generated
video is marked as successful (1) if and only
if it satisfies all four fine-grained metrics si-
multaneously.

This rigorous aggregation ensures that high per-
formance requires a model to generate videos that
are not only physically accurate but also visually
coherent, smooth, and semantically correct.

L.4 Case Study
To better illustrate the strengths and limitations re-
vealed by our Physical Commonsense evaluation,
we present three representative case studies gen-
erated by Veo-3 (Figure 28, 29, and 30). Each
example highlights how our metrics disentangle
distinct dimensions of physical reasoning: physics
accuracy, prompt adherence, motion quality, and

visual realism. These cases further demonstrate
that high visual fidelity alone is not indicative
of correct physical behavior—underscoring why
physics-focused evaluation is necessary for robust
real-world video generation.

Success Case: Physically Plausible Parachute
Inflation. Figure 28 shows a prompt involving the
inflation of a parachute by a two-person crew. Veo-
3 performs strongly across all evaluation dimen-
sions, achieving full scores on physics accuracy,
prompt adherence, motion quality, and visual real-
ism. The model captures the physical mechanics
of inflation: air fills the canopy, internal pressure
increases, the fabric transitions from wrinkled to
taut, and the lines tighten appropriately as load is
applied. The motion unfolds smoothly and contin-
uously, without discontinuities or unnatural accel-
erations. Detailed textures, realistic lighting, and
consistent shading further contribute to the clip’s
visual plausibility. This example illustrates Veo-3’s
ability to correctly represent gradual force buildup,
material deformation, and multi-agent coordina-
tion.

Failure Case I: Missing Solid–Solid Interac-
tion in Coffee Grinding. Figure 29 highlights
a failure case involving a metal grinder crushing
coffee beans (Solid–Solid interaction). While the
static frames resemble a real grinder setup, the
temporal dynamics violate fundamental physical
laws. Instead of showing a realistic grinding pro-
cess—where rigid beans fracture into progressively
smaller particles—the video abruptly transitions
from whole beans to uniform fine grounds, without
any mechanical cause. This discontinuous “state-
change” effect resembles a visual morph rather than
a physical transformation, resulting in violations of
mass conservation and material fracture mechan-
ics. Although the model adheres partially to the
prompt in terms of objects present, it fails to depict
the required interaction, leading to zeros in physics
accuracy, prompt adherence, motion quality, and
visual realism.

Failure Case II: Incorrect Angular Momen-
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Prompt Adherence = 1

The video faithfully follows 
the prompt, clearly depicting a 
parasail being inflated by two 
crew members. It focuses on 
the full inflation process from 
start to finish, with close-up 
views that highlight the 
parachute’s texture and how 
the material responds to 
airflow.

Physics Accuracy = 1

The physics shown in the video are 
accurate. The parasail inflates as air 
fills the canopy, increasing internal 
pressure and forming an airfoil that 
generates lift. As it rises, the 
parachute transitions from wrinkled 
fabric to a taut, stable structure, 
which is physically plausible. The lines 
tighten correctly as they begin to 
bear the load.

Motion Quality = 1

The motion is smooth and natural, 
following the expected pattern for 
this action. The parasail inflates 
gradually and rises steadily, without 
jerky movements or unrealistic 
speeds. The slight sway of the 
parachute as it fills looks realistic, 
and the crew’s actions—holding 
position and managing the rigging—
are appropriate for the process.

Visual Realism = 1

The video looks highly realistic, 
with natural textures in the 
parasail’s nylon fabric, sand, 
ocean, and people. The bright 
lighting and clear, accurate 
shadows match a sunny outdoor 
scene and shift correctly as the 
parachute rises. The recording 
shows no visual artifacts or 
glitches.

Frame 1 Frame 2 Frame 3 Frame 4

Frame 5 Frame 6 Frame 7 Frame 8

Prompt Text: A parasail is being inflated and prepared by crew, showing the process of inflation and the parachute's texture.
Physics Focus: Action: parasailing
Expected Motion: Action should be performed correctly

Figure 28: Case Study: Success case generated by Veo-3. Physically Plausible Parachute Inflation.

Prompt Adherence = 0

The prompt requires 
showing a metal grinder 
crushing coffee beans, but 
the video omits the 
crushing action. Although 
the grinder and beans 
appear, the scene shows a 
transformation rather than 
the required physical 
interaction, failing to follow 
the core process.

Physics Accuracy = 0

The video fails to show actual solid-solid 
crushing mechanics. Instead of grinder 
burrs fracturing coffee beans, it depicts a 
magical transformation: whole or partially 
broken beans fall from the chute, but 
around the 6-second mark they suddenly 
become uniform grounds with no physical 
cause. This breaks conservation of mass 
and ignores material fracture mechanics, 
since real grinders do not spontaneously 
convert whole beans mid-air.

Motion Quality = 0

The motion is unnatural and 
discontinuous. The initial output of 
whole and broken beans is chaotic, 
lacking the controlled feed typical 
of a grinder. The most significant 
issue is the abrupt transition where 
the output instantly shifts from 
large particles to fine grounds—a 
state-change effect rather than a 
smooth, physical grinding process.

Visual Realism = 0

While the static elements (the 
grinder’s metal finish, whole 
beans, and final grounds) look 
realistic, the transition from 
beans to grounds is visually 
implausible. The material change 
appears more like a digital morph 
than a physical grinding process, 
making the video feel unrealistic 
and staged.

Frame 1 Frame 2 Frame 3 Frame 4

Frame 5 Frame 6 Frame 7 Frame 8

Prompt Text: Metal grinder crushing coffee beans.
Physics Focus: States of matter interaction: solid_solid
Expected Motion: Natural interaction between materials

whole or 
partially 
broken beans

uniform grounds

Figure 29: Case Study: Failure case generated by Veo-3. Missing Solid–Solid Interaction in Coffee Grinding.

tum Dynamics in Ballet Rotation. Figure 30
presents a ballet scenario requiring a fouetté turn,
a physically demanding movement involving rapid
leg whipping to generate angular momentum and
sustain rotation. Veo-3 fails across all physics-
focused dimensions. The dancer’s extended leg
and upper body become unnaturally distorted mid-
rotation, deviating from realistic human biome-
chanics. The model also misinterprets the ac-

tion: instead of producing a sharp, continuous
whipping motion that drives a true fouetté, the
dancer performs a slow, controlled rotation with
no momentum-generating movement. This breaks
both prompt adherence and key physical princi-
ples such as angular momentum conservation and
joint kinematic constraints. Although the visual
appearance remains high-quality at a glance, closer
inspection reveals anatomy inconsistencies and mo-
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Prompt Adherence = 0

The video does not match 
the prompt. Instead of 
performing a fouetté turn, 
the dancer completes a 
single, slow rotation with 
her leg extended. This 
movement aligns more with 
a pirouette à la seconde or 
tour à la seconde. The 
essential “whipping” action 
of the leg—required for a 
true fouetté—is completely 
missing.

Physics Accuracy = 0

The video contains noticeable physics and 
anatomy violations, particularly in Frames 
7 and 12, where the dancer’s extended leg 
and upper-body become unnaturally warped 
in mid-rotation. This deformation breaks 
realistic limb geometry and disrupts the 
expected biomechanics of a controlled turn. 
Such distortion is inconsistent with how a 
leg would move under normal joint 
constraints, balance, and angular 
momentum, revealing clear failures in 
physical and anatomical consistency despite 
the otherwise smooth rotation.

Motion Quality = 0

The motion does not match a 
true fouetté turn, which 
requires a rapid, whipping 
leg action to generate 
momentum. Instead, the 
video shows slow, controlled 
rotations with the leg held 
steadily in à la seconde. The 
distinct sharp “whip” that 
defines a fouetté is absent, 
so the movement lacks the 
expected speed and 
percussive quality.

Visual Realism = 0

The video appears realistic at 
first glance, but it contains 
noticeable physics and anatomy 
violations. This deformation 
breaks realistic limb geometry 
and expected biomechanics, 
showing clear failures in physical 
and anatomical consistency 
despite the otherwise smooth 
motion.

Frame 1 Frame 2 Frame 3 Frame 4

Prompt Text: A ballet dancer performs a fouetté turn, whipping one leg around while spinning on the other.

Physics Focus: Conservation of angular momentum, centripetal force
Expected Motion: Rapid leg whip, continuous rotation, stable center

Frame 5 Frame 6 Frame 7 Frame 8

Frame 9 Frame 10 Frame 11 Frame 12

Frame 13 Frame 14 Frame 15 Frame 16

Figure 30: Case Study: Failure case generated by Veo-3. Incorrect Angular Momentum Dynamics in Ballet
Rotation.

tion artifacts that undermine physical realism.

Takeaways. These case studies highlight the
need to evaluate video models beyond photore-
alism. Veo-3 can produce visually convincing
clips, but frequently fails in scenarios requiring
nuanced physical reasoning—especially where
material properties, continuous force propagation,
or human biomechanics play a central role. The
structured metrics in our Physical Commonsense
task make these failure modes explicit, providing
a robust diagnostic tool for guiding future model
improvements.
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L.5 Evaluation Results
Key Finding: Physical Plausibility Is De-
coupled from Visual Realism

Sora-2 achieves the strongest physical
commonsense performance, leading both
final task rows: 76.00% on Physical Con-
cepts and 64.00% on Sports. Averaged
across the two physical subsets, this corre-
sponds to 70.00%, ahead of Veo-3 (51.02%)
and Wan-2.2 (24.00%). Crucially, the re-
sults reveal a consistent pattern: high visual
realism does not imply correct physical
reasoning. Wan-2.2 produces highly pho-
torealistic videos (84–96% Visual Realism)
yet fails to follow prompts and physical con-
straints (24% aggregate Overall), indicat-
ing a fundamental gap between appearance-
level fidelity and physically grounded world
modeling. Fine-grained analysis reveals
Sports Scenarios are systematically eas-
ier than Physical Concepts across most
models, while Solid-Solid interactions
prove most challenging—Veo-3 achieves
0% success on rigid body collisions com-
pared to 75% on Solid-Fluid interactions.

L.5.1 VLM-Based Evaluation
Table 36 reports quantitative results on the Physical
Commonsense task, evaluated using Gemini-2.5-
Pro (Comanici et al., 2025) as a VLM-based evalua-
tor. We compare three state-of-the-art video genera-
tion models—Veo-3, Sora-2, and Wan-2.2—across
two complementary scenario types: Physical Con-
cepts and Sports Scenarios.

Overall Performance Trends. Sora-2 consis-
tently outperforms competing models, achieving
the highest aggregate success rate across the two
physical subsets (70.00%) and leading across all
fine-grained metrics. The two task-level rows re-
ported in Table 4 remain Physical Concepts and
Sports separately, while the Average row here is a
diagnostic aggregate. In contrast, Veo-3 exhibits
moderate but uneven performance (51.02% aggre-
gate), while Wan-2.2 substantially underperforms
(24.00% aggregate) despite strong visual realism.
Notably, all models score highly on Visual Real-
ism (84–92%), yet exhibit large variance in Physics
Accuracy (50.67–86.00%) and Prompt Adherence
(30.00–72.00%), reinforcing that perceptual quality
alone is an unreliable indicator of physical correct-

ness.
Scenario-Specific Difficulty. Across all mod-

els, Sports Scenarios are consistently easier than
Physical Concepts. Veo-3 improves from 41.67%
overall success on Physical Concepts to 60.00% on
Sports Scenarios, while Sora-2 maintains strong
performance across both (76.00% vs. 64.00%). In
contrast, Wan-2.2 fails to generalize even in Sports
Scenarios, achieving only 21.33% overall success.
These results suggest that contemporary video mod-
els benefit from learned biomechanical motion pat-
terns in human-centric activities, while struggling
with fine-grained material interactions such as col-
lisions, splashing, and mixing.

Sport-Specific Patterns. Fine-grained analy-
sis (Table 37) reveals sport-specific challenges.
Ballet proves most difficult for all models (33–
44% success), while Swimming achieves the high-
est scores (83% for Veo-3 and Sora-2). Wan-2.2
fails completely on Diving (0%) yet achieves its
best performance on Ballet (44.4%), suggesting
model-specific biases in motion priors. By diffi-
culty level, Sora-2 shows the most consistent per-
formance across Easy (60%), Medium (75%), and
Hard (57%) prompts, while Wan-2.2 collapses uni-
formly across all difficulty levels (14–33%).

States-of-Matter Analysis. Table 38 reveals
interaction-specific challenges. Solid-Solid
interactions prove most difficult: Veo-3 achieves
0% success on rigid body collisions, while Sora-2
achieves perfect 100%. Fluid-Fluid interactions
show more variance, with Wan-2.2 achieving
83.3%—its highest category score—while Veo-3
scores only 50%. By difficulty level, all models
show degradation on hard cases, with Wan-2.2
exhibiting the most severe collapse (35.4% Easy
→ 11.1% Hard).

The Visual–Physical Disconnect. Wan-2.2
demonstrates the clearest dissociation between vi-
sual quality and physical reasoning. Despite achiev-
ing the highest Visual Realism score on Sports Sce-
narios (96.00%), it records the lowest Physics Ac-
curacy (42.67%) and Prompt Adherence (21.33%)
in the same setting. This failure mode suggests
that the model prioritizes surface-level appearance
over causal and physical consistency, producing
videos that “look right” but violate core physical
principles.
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Table 36: Quantitative results for the Physical Commonsense task. We evaluate three video generative models
(Veo-3, Sora-2, and Wan-2.2) on Physical Concepts and Sports Scenarios.

Fine-grained Metrics Primary Metric

Model Physics Accuracy ↑ Motion Quality ↑ Visual Realism ↑ Prompt Adherence ↑ Overall ↑
Scenario Type: Physical Concepts

Veo-3 62.50% 54.17% 83.33% 50.00% 41.67%
Sora-2 84.00% 80.00% 96.00% 76.00% 76.00%
Wan-2.2 58.67% 53.33% 72.00% 38.67% 26.67%

Scenario Type: Sports Scenarios
Veo-3 80.00% 68.00% 92.00% 68.00% 60.00%
Sora-2 88.00% 72.00% 88.00% 68.00% 64.00%
Wan-2.2 42.67% 33.33% 96.00% 21.33% 21.33%

Average
Veo-3 71.43% 61.22% 87.76% 59.18% 51.02%
Sora-2 86.00% 76.00% 92.00% 72.00% 70.00%
Wan-2.2 50.67% 43.33% 84.00% 30.00% 24.00%

Table 37: Fine-grained VLM-based evaluation results by Sports Scenarios attributes. Overall success rate (%) is
reported across sport types (Ballet, Diving, Skiing, Swimming) and difficulty levels (Easy, Medium, Hard).

By Sport Type By Difficulty
Model Ballet Diving Skiing Swimming Easy Medium Hard

Veo-3 33.3% 50.0% 71.4% 83.3% 60.0% 62.5% 57.1%
Sora-2 33.3% 50.0% 85.7% 83.3% 60.0% 75.0% 57.1%
Wan-2.2 44.4% 0.0% 28.6% 11.1% 16.7% 33.3% 14.3%

Table 38: Fine-grained VLM-based evaluation results by Physical Concepts attributes. Overall success rate (%) is
reported across states-of-matter interaction types and difficulty levels.

By States of Matter By Difficulty
Model Solid-Solid Solid-Fluid Fluid-Fluid Action/Other Easy Hard

Veo-3 0.0% 75.0% 50.0% 40.0% 53.3% 22.2%
Sora-2 100.0% 75.0% 100.0% 66.7% 75.0% 77.8%
Wan-2.2 33.3% 25.0% 83.3% 17.8% 35.4% 11.1%
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